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Abstract

We study how investors form risk attitudes toward novel assets, such as Bitcoin, when
historical information is limited. Our portfolio-choice framework shows that risk aversion
evolves endogenously as investors update perceived expected returns and adjust portfolios
accordingly. Using Bitcoin option prices, we recover the time series of Bitcoin-specific risk
aversion and show that its fluctuations are strongly linked to perceived expected returns
shaped by past realizations. A key feature of belief formation is recency bias: investors
place disproportionate weight on recent returns when forming expectations. This bias
is markedly stronger in the Bitcoin market than in equities, reflecting its novelty and
structural uncertainty.
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1 Introduction

The arrival of a new financial asset, such as Bitcoin, expands investors’ opportunity sets but
also exposes them to unfamiliar risks and limited historical evidence. In this setting, belief
formation and portfolio choice are tightly linked: beliefs about the asset’s return distribution
shape how much investors hold of it, and portfolio exposure in turn affects how averse they
become to losses. This feedback between beliefs, portfolio demand, and risk attitudes is
the central mechanism of this paper. A key feature of the belief formation is recency bias:
investors place disproportionate weight on recent returns when updating their expectations.!
We find that this bias is markedly stronger in the Bitcoin market than in equities, reflecting
its novelty and perceived structural uncertainty.

Our analysis starts with a simple portfolio-choice model in which investors’ risk attitudes
toward a security are shaped by the exposure they choose to hold. In the model, an investor
chooses asset allocations to maximize expected utility. The optimal portfolio depends on the
curvature of the utility function and the return distribution. When investors perceive an
asset to offer higher expected returns or lower risk, they allocate more wealth to it. In turn,
portfolio exposure shapes absolute risk aversion. When a larger share of wealth is allocated
to a security, the investor becomes more averse to its future loss.

A key feature of our analysis is non-Bayesian learning about asset-specific expected re-
turns. We adopt a flexible learning framework to model how investors update their beliefs
in response to new information. Specifically, investors may assign different weights to past
observations based on their temporal distance, as they would in heuristic learning. This for-
mulation nests various learning modes, such as Bayesian updating, recency bias, and primacy
bias, in which earlier observations exert greater influence. By estimating the model, we let
the data reveal which belief-formation process best characterizes investors’ perception.

To identify investors’ latent risk attitudes, we use option prices, which reflect how investors
value payoffs across future states of the economy. Option prices pin down the risk-neutral
distribution of a security’s return. By comparing the risk-neutral distribution to the physical
distribution of returns, which is shaped by investors’ subjective belief formation, we can
recover investors’ projected marginal utility across future return states. We define asset-
specific risk aversion as the local rate at which this projected marginal utility declines with

the security return. A higher value means that marginal utility falls more steeply as returns

!Closely related papers include Malmendier and Nagel (2011); Greenwood and Shleifer (2014); Barberis
et al. (2015); Nagel and Xu (2022)



Figure 1: Bitcoin-Specific Risk Aversion and Belief Formation
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This figure shows a scatter plot of Bitcoin-specific risk aversion against the perceived expected
return on Bitcoin under Bayesian learning and recency-biased learning.

rise, so the investor values an extra dollar disproportionately more in adverse states, reflecting
stronger aversion to losses on that asset.?

Figure 1 summarizes our main empirical findings. The figure shows a scatter plot of
Bitcoin-specific risk aversion against the perceived expected return on Bitcoin under Bayesian
learning and recency-biased learning. It shows a strong positive association between risk aver-
sion and the perceived expected return formed under recency-biased learning. In contrast, the
expected return derived from Bayesian learning remains largely unchanged over the sample,
and its relationship with risk aversion is markedly weaker. This stark contrast underscores
the central role of heuristic learning — particularly recency bias — in shaping investors’ risk
attitudes toward Bitcoin.

Our data consist of Bitcoin options, futures, and spot prices from January 2017 to June
2024. We obtain these data from Deribit, a centralized cryptocurrency derivatives exchange
operating on a continuous, 24/7 basis. Deribit is the dominant venue for Bitcoin options,

consistently accounting for more than 80-85% of global trading volume and open interest

#We are not the first to use option prices to estimate risk aversion. Ait-Sahalia and Lo (2000) and Jackwerth
(2000) provide the theoretical foundation for this approach, and subsequent studies have applied it to various
asset classes. Our contribution is to apply this method to Bitcoin and to link the estimated risk aversion to
belief formation and portfolio choice.



in cryptocurrency options. Its central role in the market is reflected in a growing body
of academic research that relies on Deribit data to study implied volatility, illiquidity, and
trading activity in Bitcoin options (e.g., Alexander et al. (2024); Atanasova et al. (2024);
Chen et al. (2024)).

We estimate Bitcoin-specific risk aversion as follows. First, using intraday option trades,
we recover the daily risk-neutral distribution of one-month-ahead returns. We then construct
the corresponding physical return distribution. Specifically, under a given belief-formation
rule — either Bayesian or heuristic learning — we aggregate historical spot returns and infer the
conditional perceived probabilities. Under no-arbitrage, the ratio of risk-neutral to physical
probabilities identifies investors’ marginal utility® across future return states and thereby
reveals their risk attitudes. In particular, the slope of log marginal utility with respect to
future returns yields Bitcoin-specific absolute risk aversion evaluated at a given state. We
construct two types of risk-aversion measures. One measure evaluates local risk aversion at
two representative future outcomes: 5% and —5% returns over the subsequent month. The
second provides a more comprehensive characterization by computing expected risk aversion,
defined as the integral of local risk aversion over the support of future returns. Applying this
procedure at the daily frequency, we construct the time series of Bitcoin-specific risk aversion.

For comparison, we conduct an analogous analysis for the equity market. We recover
equity-specific risk aversion using options on the S&P 500 index from OptionMetrics, together
with intraday trades of S&P 500 mini futures obtained from TickData.

Under the physical probabilities influenced by Bayesian learning, estimated Bitcoin-specific
risk aversion evaluated at a future return of 5% is 5.55 on average, compared with 35.89
for the equity market. This contrast is consistent with the intuition that investors are rel-
atively less concerned about Bitcoin losses, as it typically constitutes only a small share of
their portfolios. Bitcoin-specific risk aversion also exhibits substantial time variation, with a
standard deviation of 16.31. These fluctuations are largely independent of equity-specific risk
aversion: the correlation coefficient between the two series is only 0.11. Moreover, we show
that the specification of the learning process materially affects the dynamics of investors’ risk
attitudes. Introducing a recency bias generates substantially greater fluctuations in estimated
risk aversion.

Empirically, we find that investors’ aversion to Bitcoin’s risk — whether measured locally or

3Formally, our estimate corresponds to the projection of marginal utility onto the space spanned by Bitcoin
returns.



as an expectation over the return support — is strongly related to their perceptions of its return
distribution formed from past observations. Consistent with our model’s prediction, estimated
risk aversion increases with the perceived conditional average return and decreases with its
volatility. Both relationships are statistically significant at the 1% level and remain robust
after controlling for additional determinants of risk preferences identified in the literature.
Furthermore, these perceived moments explain between 71.6% and 76.1% of the time-series
variation in Bitcoin-specific risk aversion, especially when recency bias is incorporated into the
estimation. All the evidence jointly supports our central mechanism: investors’ risk attitudes
toward Bitcoin evolve as they update their beliefs about return prospects and adjust their
portfolio allocations accordingly.

We also document a similar regularity in the equity market. Investors’ risk aversion to
potential loss on the S&P 500 is strongly tied to both the perceived average return and the
conditional volatility of the equity index, with the goodness of fit ranging from 39.5% to
62.2%. Taken together, the evidence from both markets indicates that asset demand arising
from portfolio allocation is a primary force shaping investors’ risk attitudes across different
asset classes. More broadly, our mechanism offers an explanation for fluctuations in risk
aversion that are often treated as exogenous in much of the asset-pricing literature (e.g.,
Campbell and Cochrane (1999)).

Guided by the model’s implied link between perceived expected returns and risk attitudes,
we identify the belief-formation rule that best explains the observed dynamics of Bitcoin-
specific risk aversion. The nonlinear least squares estimates indicate that investors place
disproportionately greater weight on recent returns, with the weights decaying exponentially
as observations recede into the past. Specifically, a return observed 108 days earlier receives
only one-tenth the weight assigned to the most recent return. In contrast, belief formation
under a Bayesian framework yields significantly weaker empirical connections between per-
ceived average and risk aversion, suggesting that Bayesian updating alone is insufficient to
account for the observed dynamics of Bitcoin-specific risk aversion.

In addition, we find that investors in the equity market also exhibit heuristic learning.
Similar to our findings for Bitcoin, the perceived average return constructed with recency
bias provides the best fit for explaining fluctuations in equity-specific risk aversion. Yet the
degree of recency bias is substantially weaker. In the equity market, the weights assigned
to past observations decay much more gradually: a return observed 287 days prior receives

one-tenth the weight of the most recent return, compared with only 108 days in the Bitcoin



market. Notably, our estimated rate of weight decay in the equity market is quantitatively
consistent with the evidence provided by Greenwood and Shleifer (2014). Using survey-based
expected returns, they find that weights on past returns decay exponentially to 9.8% over
four quarters in the formation of current expectations. This close alignment lends external
validity to our option-based analysis and reinforces the ensuing conclusion regarding the
differing magnitudes of recency bias across markets.

Why does the Bitcoin market exhibit a much stronger recency bias, despite its already
limited data availability? We conjecture that this short-horizon focus reflects investors’ ex-
pectations of large and frequent structural changes in the Bitcoin market — stemming from
regulatory uncertainty and evolving adoption. In such an environment, investors may heuris-
tically anchor their expectations to the most recent data to capture rapidly changing funda-

mentals.

Related Literature

This paper connects three strands of the literature: the recovery of risk attitudes from option
prices, behavioral models of belief formation, and the emerging literature on cryptocurrency
asset, pricing.

A large body of work recovers risk preferences from option-implied information. Ait-
Sahalia and Lo (1998), Ait-Sahalia and Lo (2000), Jackwerth (2000), Rosenberg and En-
gle (2002), Bliss and Panigirtzoglou (2004), Cuesdeanu and Jackwerth (2018), Beason and
Schreindorfer (2022), and Schreindorfer and Sichert (2025) estimate the stochastic discount
factor or risk aversion implied by options on the stock market index. Beyond the stock
market, Christoffersen et al. (2021) analyze options on crude oil futures and document the
commodity’s unique risk characteristics. In contrast to these studies, our focus is on the
Bitcoin option market and its implications for the newly introduced cryptocurrency, which
recent studies, including Alexander and Imeraj (2021) and Winkel and Hérdle (2023), have
begun to explore. We contribute to the literature by providing the dynamics of risk aversion
toward Bitcoin, along with a theoretical framework that explains its dynamics.

Our paper is also related to Martin (2017) and Martin and Wagner (2019), who derive
lower bounds on expected returns using option prices. In a model-free framework that relies
only on a weak preference restriction — the negative correlation condition — they construct
a lower bound solely from option prices and establish it as a strong conditional measure of

expected returns. Our analysis is complementary in two respects. First, rather than bounding



expected returns, we directly estimate projected marginal utility and recover measures of
risk aversion implicit in option prices, allowing us to study the evolution of investors’ risk
attitudes. Second, we focus on a newly emerging asset that represents only a small fraction
of the market portfolio, a setting in which the negative correlation condition is less likely to
hold.* Nevertheless, we find that our risk-aversion measure — constructed using both option
prices and historical spot returns — retains strong empirical validity.

Our paper also builds on the behavioral learning literature. In their foundational work,
Tversky and Kahneman (1974) document that decision-makers facing complex problems rely
on simplifying heuristics, notably the representativeness and availability heuristics. Gennaioli
and Shleifer (2010) formalize the representativeness heuristic, while Bordalo et al. (2018) and
Bordalo et al. (2019) develop diagnostic expectations, in which salient or representative news
makes certain future states more cognitively accessible, leading agents to overweight those
states. This mechanism rationalizes several stylized facts about credit cycles and stock market
fluctuations.

In contrast, our learning process is more closely related to the availability heuristic, which
leads people to overweight information that is easily accessible — in particular, recent obser-
vations. Malmendier and Nagel (2011) and Malmendier and Nagel (2016) provide evidence
that individuals form expectations about market returns and inflation based on their life-
time experiences, with disproportionate weight placed on more recent experiences. Nagel
and Xu (2022) formalize this idea through a fading-memory model and study its implications
for aggregate asset pricing. Building on their flexible framework, we model investors’ belief
formation about Bitcoin’s average return and provide new empirical evidence of recency bias
in cryptocurrency markets. A comprehensive overview of economic research on subjective
memory and belief formation is provided by Malmendier and Wachter (2024).

Closely related is the literature on return extrapolation. Greenwood and Shleifer (2014)
document that survey-based expectations of stock returns are positively correlated with past
returns, consistent with investors extrapolating from recent experience. Barberis et al. (2015)
develop a model in which extrapolative investors generate asset price booms and busts, while
Barberis et al. (2018) show that such behavior can account for boom-bust patterns in asset

prices more broadly. Da et al. (2021) show return extrapolation in the cross section of stocks

4The negative correlation condition is covs (MrR7, Rr) < 0, where My is the stochastic discount factor
and Rr is an asset’s gross return. Martin (2017) notes that this condition would fail for hedge assets such as
gold. In addition, when asset returns are independent of or weakly negatively related to the stochastic discount
factor, the condition does not hold.



by using a crowdsourcing platform that ranks stocks based on participants’ perception of fu-
ture returns. Cassella and Huber (2020) link extrapolation bias to the predictability of stock
returns. On the theoretical side, Adam et al. (2017) show that learning about expected capi-
tal gains generates realistic boom-bust dynamics, and Collin-Dufresne et al. (2016) study how
parameter learning amplifies stock market volatility. Our contribution relative to this litera-
ture is twofold. First, rather than assuming a particular degree of extrapolation, we estimate
the recency-bias parameter directly from option-implied risk aversion. Second, by compar-
ing Bitcoin and equity markets, we document that recency bias is substantially stronger for
novel assets with limited history, providing new cross-asset evidence on the determinants of
heuristic learning.

Finally, our paper relates to the growing literature on cryptocurrency markets. Liu and
Tsyvinski (2020) identify risk factors specific to cryptocurrency returns, which we employ
as controls. Makarov and Schoar (2020) document trading frictions and arbitrage patterns
in crypto markets, while Cong et al. (2021) and Sockin and Xiong (2023) study the role
of cryptocurrencies in decentralized platforms. We complement these studies by analyzing
the risk-aversion dynamics specific to Bitcoin and showing that they are shaped by heuristic

learning about the asset’s return distribution.

2 Model

In this section, we present a model in which risk aversion toward Bitcoin arises endogenously
from the investor’s portfolio allocation decision. We begin by deriving the investor’s op-
timal allocation that maximizes expected utility. This optimal allocation, in turn, shapes
the stochastic discount factor, which captures the investor’s risk attitudes toward the future
returns of all securities, including Bitcoin. A central prediction of the model is that the
investor’s risk aversion to Bitcoin depends on her perception of its conditional return distri-
bution. We then introduce a learning framework that characterizes how these perceptions

are formed and updated over time.

2.1 Portfolio Choice

We consider an investor who has a unit of wealth at time ¢ and can invest in both risky assets

and a risk-free asset. The portfolio return is given by

Ry1 =W Re1 + Ry (1)



where w; denotes the vector of portfolio weights among risky assets, R;;1 the vector of excess
returns, and Ry, the risk-free rate of return.

The investor maximizes expected utility, E;[u(1 + R, +11)], where the utility is increasing
and concave. To derive analytical solutions, we approximate the utility function using a

second-order Taylor expansion® around 1+ Ry,

uw’ (14 Ry )

u(l+ Rpe1) = u(l + Rye) + /(14 Ry )w! Rejr + 5

W:Rt+1RtT+1Wt- (2)

Proposition 1 Given the second-order Taylor expansion of the utility function, the optimal

asset allocation is given by

% 'U,/(l +Rf’t)

—1
where p, denotes the vector of perceived conditional expected excess returns and 3, the per-

cewved conditional covariance matriz of excess returns.

All proofs can be found in Appendix A. The optimal allocation depends on the average
and variance of security returns, as in the mean-variance optimization.® In addition, when
the investor is more risk-averse, as indicated by a higher curvature of the utility function,
—u’(1 4+ Rysy)/u' (1 + Ryy), the investor allocates less to the risky assets, consistent with
intuition.

In the following, we consider an investor with access to two risky assets: Bitcoin and
the stock market. Their excess returns are denoted by R; 11, where i € {B,S}, with B
representing Bitcoin and S representing the stock index. We denote the fraction of wealth
invested in risky assets by w; = [wp 4, ws7t]—r, and the conditional moments of the perceived

distribution of Ri41 = [RB 141, R57t+1]T are given by

2
B o 0
[, = HB.t and 3, = Bt
st 0 Ug‘,t

(4)

For simplicity, we assume that the two risky assets are conditionally uncorrelated. The

following proposition provides the optimal allocation in this setting.

5Note that 1 + Ry denotes the gross risk-free return, which is strictly greater than one. In contrast,
the term Rp 11 — Ryf: = w{ Rit1 represents a weighted average of excess returns, which is typically much
smaller than one in practice. This disparity in magnitudes justifies using a second-order Taylor expansion as
a reasonable approximation of the utility function.

5The optimal allocation is slightly different from the mean-variance solution w'¥ o ;! .. The presence
of the term utuz— reflects that the second-order approximation of expected utility is taken around the risk-free
payoff rather than the mean portfolio payoff. This choice simplifies our analysis of the allocation dependence
on return distribution under the general form of the utility. When expected utility is expanded around the
mean payoff, the optimal allocation converges to the standard mean-variance solution.



Proposition 2 Consider an economy with two risky assets, i € {B, S}, and a risk-free asset.

The utility-mazximizing investor chooses the following optimal portfolio weights

wk, = — u'(1+ Rfﬂf) Hit
T WA Rya) 0%+ 2+ 12, 0802

(5)
where —1i indicates the other risky asset.

These analytic expressions enable us to examine how the optimal allocation changes in
response to shifts in the conditional return distribution. The following proposition describes

the relationship.

Proposition 3 The optimal portfolio weight for risky asset i € {B,S} increases with the
conditional expected excess return, i.e.,
ow;,
a#i,t

>0 (6)

if 0i¢ > pit. In addition, the portfolio weight decreases with the conditional volatility, i.e.,

<0 (7)
'Lf Mt > 0.

Under realistic parameter values, the optimal allocation aligns with intuition: when a
security return is higher on average or less volatile, the investor optimally allocates more

wealth in that security.

2.2 Absolute Risk Aversion

Having obtained the optimal allocation, we next characterize the investor’s risk attitudes.

v (1+R)

TR It is a

The Arrow-Pratt measure of absolute risk aversion is defined as R = —

measure of how strongly an investor dislikes risk, expressed as the curvature of their utility

function relative to its slope. Alternatively, it can be expressed as the slope of log marginal

_ Ologu’(14+R)

utility, i.e., R = 3R

To obtain a security-level measure of risk aversion, we project marginal utility onto the

space spanned by the return of security 7 and denote the resulting projection by u ,:
o (Ripr1) = B [u'(1+ W/ Regr + Ry )| Rijen] - (8)

The projected marginal utility is the conditional expectation of marginal utility given R; 41,

integrating out the realizations of all other securities. It correctly prices any payoff measurable



with respect to R; .1 — in particular, options written on security 7« — by the absence of
arbitrage.”

We define the measure of absolute risk aversion specific to security i as the local rate at
which the investor’s projected marginal utility declines with the security’s return:

dlogu; (R t41)
OR; +4+1 ‘

Rit(Rijtq1) = — (9)

This measure shows how strongly the investor’s marginal valuation responds to fluctuations
in security ¢’s return — equivalently, the curvature of the projected log pricing kernel — with
a higher R; indicating stronger aversion to losses on security 1.

It is worth clarifying that security-specific risk aversion R; is a derived object, not a
primitive preference parameter. The investor has a single utility function u. The key impli-
cation is that R; varies across securities held by the same investor — not because preferences
differ, but because each security occupies a different position in the portfolio. We make this

dependence explicit in the next proposition.

Proposition 4 Given the optimal weights wy, for i € {B, S}, absolute risk aversion contin-
gent on the future return R; 11 equals

u”’(1+4 Rf,t)wf,t
uw'(1+ Rpe) +u”(1+ Ry )(wr,; i +wf  Ripr)

Rit(Rijgy1) = — (10)

where —i indicates the other risky asset. It follows that the risk aversion increases with the

portfolio weight, i.e.,
ORii(Rii41)

> 0. 11
8wzt (11)

Intuitively, when more wealth is allocated to a security, the investor is more risk-averse to
its potential loss in subsequent periods. Next, building on Propositions 3 and 4, we predict

how changes in the conditional return distribution should influence risk aversion.

Proposition 5 For the utility-maximizing investor, absolute risk aversion to security i €
{B, S} increases with the conditional expcected excess return, i.e.,

OR; +(Ri+1)

>0 12
8Mi,t ( )

7 Alternatively, projected marginal utility could be defined as the projected pricing kernel
i, (Rier1) o< B [M(Rp,e41)] Riet1]

because the pricing kernel is proportional to marginal utility, i.e., M (Rp,t+1) < v'(1 + Rp t41)-

10



if oip > pit. In addition, absolute risk aversion to security i € {B,S} decreases with the

conditional volatility, i.e.,
OR; ¢ (Rit11)

<0 (13)
80275

if Wit > 0.

This result follows directly from combining the preceding two propositions. When a security
is perceived to offer a higher expected excess return or lower volatility, the investor optimally
increases her allocation to that asset. Portfolio exposure, in turn, shapes subsequent risk
aversion: having allocated a larger share of wealth to a security, the investor becomes more
averse to potential losses in that security. The model prediction in Proposition 5 serves as

the primary hypothesis we test empirically.

2.3 Recovering Risk Aversion

The security-specific risk aversion R;; characterized in Proposition 4 is defined through the
projected marginal utility u; ,(R;¢+1) and therefore appears, at first sight, to require knowl-
edge of the investor’s utility primitive. In this section, we show that R;; can in fact be
identified from two observable distributions: the risk-neutral distribution of R;;y; implied
by option prices, and the physical distribution perceived by the investor.

By construction, projected marginal utility prices any payoff measurable with respect to
R; 1+1. In particular, applying the law of iterated expectations, the investor’s Euler equation
for the excess return satisfies [ [Ri,t_l'_l u;7t(Ri7t+1)] = 0. More generally, for any contingent

claim X (R; 14+1) on security 4, the investor’s Euler equation can be stated as

1 N

E: | X(R; " (R, = —E; [ X(R; =0, 14
t[ ( ,t+1)uz,t( ,t+1)] 1+ Ry, +[ X ( ,t+1)] (14)

where E; denotes the expectation under the risk-neutral measure. Writing both expecta-
tions as integrals against the corresponding densities and matching integrands, equation (14)
implies that the projected marginal utility is proportional to the likelihood ratio of the risk-
neutral and the physical density:

1 Piy(Riss1)
" (R; = 7 7 ’ "
um( 71H—1) 1+ Rf,t Piyt(Ri,t-i-l) ( )

where I@’”() and IP; ,(-) denote, respectively, the risk-neutral and physical conditional densities
of R; ¢11. The proportionality constant 1/(1+ Ry ;) ensures that u; , correctly prices the risk-

free payoff. Although this projection onto the space spanned by security ¢’s return cannot

11



recapture the full stochastic discount factor, by construction it preserves all information
relevant for pricing claims on security ¢ and, consequently, for measuring the investor’s risk
aversion to that security.

Combining (15) with the definition of security-specific absolute risk aversion in (9) yields
the central identification result of the paper:

_810g“;,t(Ri7t+l) _ OlogP; ¢ (R;¢41) B 810g]pi,t(Ri,t+1)
OR; 111 OR; 141 OR; 141 '

Rit(Rit41) = (16)

The investor’s absolute risk aversion toward security ¢ is therefore the gap between the score
of the physical and risk-neutral density, evaluated locally at the future return R; 4. Intu-
itively, the risk-neutral density is a probability-weighted reweighting of the physical density
by marginal utility; the steeper that reweighting is in R; 441, the more strongly the investor
dislikes losses on security ¢, and the larger is R; ;.

Equation (16) suggests a natural two-step empirical strategy, which we implement in
Section 3. First, we recover ]f”iyt from a panel of option prices using the Breeden and Litzen-
berger (1978) result. Second, we recover P;, from the time series of realized spot returns,
taking seriously the fact that what enters (16) is not the econometrician’s best estimate of
the return-generating process but the distribution perceived by the investor. The next section

is devoted to specifying how this perceived distribution is formed.

2.4 Learning with Recency Bias

The investor’s wealth allocation to a security and subsequent risk aversion depend on her
perception of the return distribution. In this section, we explicitly describe how the perceived
average is formed and updated from realized data. We focus on the expected return as a
quantity to be learned because it has long been recognized that determining the conditional
average is significantly more challenging than the conditional volatility, as noted by Merton
(1980). In contrast, volatility tends to be more persistent, and models such as ARCH and
GARCH have effectively characterized it.

Specifically, we formulate the learning about the average return, using the non-Bayesian
framework suggested by Nagel and Xu (2022). The reason for this modeling choice is twofold.
First, a growing number of studies testify to the presence of heuristic belief formation in
financial markets, including Gennaioli and Shleifer (2010), Malmendier and Nagel (2011),
Malmendier and Nagel (2016), Bordalo et al. (2018), Bordalo et al. (2019), and Nagel and Xu

(2022). Second, this approach offers the flexibility to incorporate rational Bayesian updates

12



as well, with a simple change to a model parameter.

Similar to Collin-Dufresne et al. (2016), we assume that asset i’s excess return is given by
Rit=m;+0oit-16¢ (17)

where m; denotes the unconditional true average, o;;—1 the conditional volatility, and ;¢ is
an independent standard normal innovation. A key assumption here is that the parameter
m; is constant over time but unknown. Facing this uncertainty, the investor learns about m;
from data on realized excess returns.

Initially, the investor has prior beliefs about the true average return, denoted by 7(m;),
which are normally distributed with mean p; o and standard deviation ;. As realized
returns are observed over time, the investor updates her beliefs considering the likelihood of
these returns. Let p(R; s|m;) denote the sampling probability of date-s return conditional on
the average return m;. We allow belief updating to deviate from standard Bayesian learning
by incorporating the potential influence of heuristic bias. Specifically, we assume a flexible
learning framework in which past observations may receive different weights depending on
their temporal distance from the belief-formation date:

t

m(mi|Ri, . Rigsvi) o< [ p(Ris

s=1

mi) T o (my) ) (18)

where the exponent (1 — 1;)'~* determines the weight on the return observed t — s days
before the belief formation on date ¢. If we set 0 < v; < 1, the weights on more distant
past observations decay exponentially, reflecting recency bias in the perceived average. On
the other hand, by setting v; equal to zero, we replicate the Bayesian learning, where all
observations receive equal weights irrespective of observation dates.

Our learning framework is closely related to the fading-memory model of Nagel and Xu
(2022), in which older observations receive exponentially declining weights. They characterize
beliefs in the limit of an infinite history and a fixed weight prior. Relative to their formulation,
we explicitly model learning from a finite and growing sample of observations and allow the
influence of prior beliefs to decay over time. These modifications are particularly relevant in
the context of Bitcoin, where investors face limited historical information and may gradually
discard both early observations and initial priors as new information arrives.

In the following proposition, we summarize the dynamics of the posterior.
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Proposition 6 Given a normally distributed posterior belief with mean p;, and standard
deviation @; ¢, with newly realized return R; 441, the conditional mean and standard deviation

are updated in the following recursive way:

R‘,t+1 Hit
Pitt1 = i |—5— + (1 —v)= (19)
Ot Pit
1 1 1
= = o t{l-v)—. (20)
Pit+1 Oit Pit

The proof can be found in Appendix B. In belief updates, the posterior mean is a weighted
average of the prior mean p;; and the new observation R; ;1. The weights are determined
by the recency-bias parameter v;, the parameter uncertainty ¢; ;, and the volatility of noise
oit. Intuitively, the belief update is more sensitive to the new observation when investors
display a stronger recency bias (i.e., v; is higher) or when the latest signal is more informative
(i.e., 0;+ is relatively lower compared to ¢; ;).

It is noteworthy that the recency bias results in perpetual updates of beliefs, distinct
from the Bayesian process. In the latter, learning becomes complete after infinitely many
observations; if v; = 0, the precision of beliefs 1/¢7, increases monotonically with every new
observation and eventually becomes infinity after a long process of learning. At that point,
a new observation has almost zero impact on belief revisions. In contrast, when the recency
bias is in effect with v; > 0, old data becomes obsolete in memory, and the precision of beliefs
never approaches infinity, according to equation (20).° Consequently, the posterior mean
continues to be revised in response to new observations, even when past data is plentiful. In
the empirical analysis section, we illustrate this distinction in the perceived average of Bitcoin
returns between the two forms of learning.

Given the belief dynamics in Proposition 6, the investor’s risk aversion toward security ¢

depends on the recency-bias parameter v; through the investor’s subjective belief formation

0logP;y(Risi1;vi)  0logPiy(Rii1)

Rit(Ripr1;vi) =
(Birri i) OR; +4+1 OR; 141

(21)

3 Estimation

In this section, we first describe the data on Bitcoin, equity index options, and other relevant
variables. Next, we outline how to estimate the projection of the marginal utilities onto the

space spanned by security returns and recover the implied risk aversion.

8If the noise volatility is constant at o;, the precision of beliefs 1/ @f,t converges to 1/ (Via?) and does not
become infinitely high even when the number observations approaches infinity.
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3.1 Data

Our data consists of option prices for two underlying securities — Bitcoin and the S&P 500
index — along with their respective spot and futures prices. To ensure consistency and re-
liability, we preprocess the raw data by filtering out anomalies and normalizing it before
estimation.

Data on Bitcoin options, futures, and spot prices are obtained from Deribit. Deribit is a
cryptocurrency derivatives exchange specializing in futures and options trading and became
part of Coinbase following its acquisition in May 2025. Originally founded in the Netherlands
in June 2016, Deribit has since evolved into a global trading venue, with its headquarters
now located in Dubai, United Arab Emirates.” Deribit is widely recognized as the domi-
nant platform for Bitcoin and Ethereum options trading. Industry reports and market-data
providers'? consistently indicate that it accounts for approximately 80-85% of global trading
volume and open interest in cryptocurrency options markets.

Panel A of Figure 2 compares Bitcoin option trading volumes on Deribit and the CME,
showing that Deribit handles a substantially larger volume of contracts despite the presence of
regulated venues. Reflecting its central role in cryptocurrency derivatives markets, a growing
body of academic research relies on Deribit data to study implied volatility, illiquidity, and
trading activity in Bitcoin options (e.g., Alexander et al. (2024); Atanasova et al. (2024);
Chen et al. (2024)). We obtain historical option, futures, and spot data from CoinAPI

Bitcoin options traded on Deribit are European-style and cash-settled. The contract
multiplier is one, which means that each BTC call (put) option grants the right to buy (sell)
one Bitcoin at the specified strike price. Both option prices and payoffs are denominated
and settled in Bitcoin, the base currency. For example, consider a trader who purchases a
call option with a strike price of $100,000 for a premium of 0.05 BTC. If the Bitcoin spot
price at expiration is $125,000, the option payoff would be 0.2 BTC, calculated as (125,000 —
100,000)/125,000. These option prices can be converted to U.S. dollars by multiplying the
Bitcoin-denominated price by Bitcoin’s current spot price.

Bitcoin option data is collected at the transaction level from January 2017 to June 2024.
To mitigate potential bias from outliers, we apply the following sampling criteria. First, we

exclude data points with a time to expiration of less than 10 days or more than 180 days.

9 According to Deribit support, the platform is not accessible to individuals and institutions located in 26
jurisdictions, including the United States.

108ources include the 2025 industry report by CfC St. Moritz, a leading institutional digital-asset conference,
and market analyses by OKX, a major participant in cryptocurrency derivatives markets.
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https://www.okx.com/en-us/learn/top-crypto-options-platforms

Additionally, observations with extreme values of implied volatility, defined as those lower
than 2% or higher than 200%, are excluded. Lastly, for each option contract, we calculate its
volatility-adjusted moneyness'! and exclude observations with moneyness below —2 or above
2. Figure 2 Panel B illustrates the daily trading volume of Bitcoin option contracts that
satisfy all of these sampling criteria. The trading volume has grown substantially in recent
years, and the median volume is 2,106 contracts per day.

The calculation of the implied volatility and moneyness for each option requires the futures
price corresponding to its expiration date. For each option transaction, we collect futures
trades that have occurred within 15 minutes before the option trade and fit this data to a
second-order polynomial function of time to expiration in order to estimate the futures price.

The Bitcoin spot price is provided by Deribit. It collects real-time prices from multiple
spot exchanges and computes an equally weighted average to construct the price index. We
aggregate this tick-by-tick index into one-minute intervals, and these minute observations
serve as intraday spot prices.

With respect to the S&P 500 index, we obtain its options data from OptionMetrics and
apply the same sampling criteria used for Bitcoin options. The stock index’s intraday spot
returns are measured based on high-frequency data on S&P 500 mini futures provided by
TickData. The tick-by-tick futures prices are aggregated into one-minute intervals, and we
calculate the return for each minute.

As control variables, we obtain macroeconomic data from the Federal Reserve Bank of
St. Louis (FRED). These include the growth rates of industrial production, personal con-
sumption expenditures, and the consumer price index, all observed at the monthly frequency
and expressed in annualized terms. For the indicator of overall financial market conditions,
we also include the Chicago Fed National Financial Conditions Index. In addition, we incor-
porate Bitcoin-specific risk factors following the methodology of Liu and Tsyvinski (2020).
Specifically, the attention indicator is constructed as the logarithm of one plus the Google
search volume for “Bitcoin” and related terms. The network effect indicator is defined as the
first principal component extracted from proxies such as the number of active accounts and

transaction counts from Blockchain.info.

HEor an option contract with time to expiration 7; ¢, strike price K;; and forward price Fj;, the volatility-

adjusted moneyness is
log (Kt /Fit)

Ot+/Ti,t

where o, is the median value of implied volatility observed on day t.
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3.2 Estimation of Risk-Neutral Probability

In this section, we describe the estimation of risk-neutral probability I@i,t<Ri,t-‘rT)7 one of the
key components required to measure the security-specific risk aversion in equation (16). We
then turn to estimating the physical probability in the next section. In both cases, we focus
on the probability of one-month-ahead returns with 7 = 30, in line with the VIX index.

Consider a European call option on security ¢ with strike price K and expiration date
t + 7, of which the price at time ¢ is C;+(K,t + 7). The security’s current spot price is
Sit. According to Breeden and Litzenberger (1978), the second derivative of the option
price determines the risk-neutral probability ]?)z’,t that the underlying asset price becomes
Sit+1=9i+(1+ Rs++ Ri¢11) in the future:'?

0?C; (K, t+7)
OK? PR

Epi,t(Ri,t+T) = (1 + Rﬁ) Sit (22)

To calculate the derivative from data at sparsely observed strike prices, we map the option

BS

t.;» which vary with

price of contract j into Black-Scholes implied volatility units, denoted by o
moneyness and time to maturity. We parameterize implied volatilities following the stochastic
volatility inspired (SVI) model of Gatheral and Jacquier (2011). Despite its parsimony, the
SVI is known to capture key features of implied volatility well, and it has been adopted in
a growing number of studies, including Berger et al. (2019) and Beason and Schreindorfer
(2022).

Specifically, we employ the modified SVI formulation suggested by Beason and Schrein-

dorfer (2022), which allows us to pool option contracts with different maturities and use more

data points than would otherwise be available in daily estimation. To formulate'?, we define

log(K/F:,+)
ve/T

to expiration 7 and v, the conditional volatility measured from observed option prices.'* The

the standardized moneyness, x; » = , where F; ; is the forward price with the time

implied variance is modeled as a function of the moneyness and time to maturity as follows:

UEVI(FG, TS 91:)2 =a¢, + bt s <pt,7’(/<"’t,7' —myr) + \/(Ht,f —my )%+ 3%,7) ) (23)

2Tn the original result of Breeden and Litzenberger (1978), the risk-neutral probability is defined with
~ 2.
respect to the future spot price: P; +(S; t4-) = (1 + R;Tt)) e

. In our formulation, we define the
K=S5; t4+r

risk-neutral probability in terms of future returns. With the change of variables, the probability becomes
02Ci
OK?

OK?2

dRi,t+T .

K=5; 14+

Pi o (Sistsr)dSitar = Pt (Sie4r)SitdRipsr = (1 + R;Tt)) St

9%Ciy
OK?2

Therefore, P;(Ri t1-) = (1 + R}?) “Sit -

. K:Si,t+r.
13For notational simplicity, we omit the security subscript i.
1YWe measure v, as the median value of the implied volatility from option price observations on date t.
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where ©; = (at,r, bt r, pt.r, Mt 7, St.+) is the set of model parameters that control the shape
of the implied volatility surface, including asymmetry and slope across strike prices. Given
that the volatility surface likely varies with maturity, we define each parameter as a linear
function of 7.1°

For each day in the sample, we fit the SVI model to the implied volatility from the
Ny

observed option prices, {O'E]S}]: X where NV; is the number of observations on date t. The

parameter set is chosen to minimize the sum of squared errors:

Ny
. ) 2
O; = arg@mm E [UE]S — UEVI(FG]‘,T]'; etﬂ ) (24)
t =1

where o7 V(k;, 7;; ©;) is the SVI prediction of volatility at moneyness k; and time to maturity

7j. This optimization is conducted under the no-arbitrage constraint, i.e., the resulting option

. 20
prices must satisfy —ﬁRﬁ < % <0 and 881(?2,7: > 0 as in Ait-Sahalia and Duarte (2003).

Plugging the implied volatility into the Black-Scholes call option formula, we obtain the
fitted prices of one-month call options across a detailed grid of strike prices and numerically

compute the second derivative of the call prices as in equation (22).

3.3 Estimation of Physical Probability

We estimate the physical probability using historical spot prices of the underlying securities.
Our objective here is to construct the date t-conditional perceived probability of 1-month-
ahead returns, consistent with the horizon of the risk-neutral probability. To this end, we
explicitly model how the recency bias affects the formation of the perceived distribution by
applying the learning framework developed in Section 2.4.

In this estimation, we first determine the conditional volatility for each day, following
Christoffersen et al. (2021). Next, we compute standardized innovations from daily returns
and obtain their empirical distribution. Finally, using the estimated date-t volatility and the
empirical distribution, we simulate multiple paths of daily returns over a month and construct
the conditional distribution of future returns implied by the investor’s heuristic beliefs.

We determine the conditional volatility by utilizing high-frequency intraday spot prices.
Tick-by-tick trades are aggregated into one-minute intervals and averaged for each minute.

We then apply the estimation approach by Zhang et al. (2005) to the intraday prices and

5For example,
Gt,r = At,0 + Q¢ 1T,

and similarly for other parameters. For each day, we estimate the set of parameters, ©; =
(at,0,at,1,bt,0,b,1, pt,0, Pt,1,Mt,0, Mt,1, St,0, S¢,1), by minimizing the sum of squared errors.
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compute daily realized spot volatilities, denoted by o;;. Given the spot volatilities, we
model their dynamics using the heterogeneous autoregressive (HAR) model suggested by Corsi
(2009). This framework captures key empirical features of financial returns in a tractable way.
Specifically, we formulate the next-day volatility as a linear function of current volatilities

with different frequencies:

HAR
Oitr1 = @i +biaoit +biwoit—6:t+ bim0it—20:t + €i 41 (25)

where o;; is the realized spot volatility, o;;—¢.: is the average daily volatility in the past
week and o; ¢ 29+ is the average in the past month. The coefficients are estimated via rolling-
window regressions on the past 365 days of data. Consequently, this estimation avoids any
look-ahead bias.

We normalize daily returns and obtain standardized innovations as

Rt — pit(vi
ei’t:w (26)
Oit—1

where p; + is the perceived average that is constantly updated according to equation (19)
under the recency-bias parameter v;. Consistent with the return dynamics specified in (17),
we assume that the standardized innovations ¢; ; are independently and identically distributed
and drawn from a time-invariant distribution Fj(e; +; ;). We obtain its empirical distribution
by pooling observations across the entire sample period.

Having determined the distribution F;(e;;v;), we simulate future returns over one month
beginning on date t. For example, the next-day return is given by Riﬂf_l'_l = (Vi) +
5'EtAR€i,t+1, where &EﬁR is the volatility predicted by the HAR in equation (25) and € ;41
is a random draw from F;(e;;v;). In this way, we simulate 1,000 paths of 30-day returns.
Applying a kernel smoothing function to these generated monthly returns as in Jackwerth
(2000), we estimate the perceived physical probability P; ; (Ri+30; ;) given the recency-bias

parameter v;.

3.4 Summary Statistics

Table 1 presents summary statistics. Several points are worth noting. Bitcoin’s implied
volatility is 73.8% on average, noticeably higher than the S&P 500 index’s average of 20.1%.
Next, the estimates of the security-specific risk aversion indicate that investors are noticeably
less averse to future losses in Bitcoin than those in the stock market. Under the physical

probabilities implied by Bayesian learning (v; = 0), the Bitcoin-specific risk aversion evaluated
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at —5% future return is 5.55 on average, which is considerably lower than 35.89 for the
S&P 500 index. This observation aligns with the intuition that investors are relatively less
concerned about Bitcoin’s poor performance, as it typically constitutes only a small fraction
of investment portfolios. Meanwhile, the risk aversion for the market index evaluated at 5%
return is occasionally negative. These negative values reflect the non-monotonicity of the
empirical pricing kernel as documented by Jackwerth (2000) and Cuesdeanu and Jackwerth

(2018).

4 Empirical Evidence

In this section, we present empirical evidence that supports the model’s main prediction with
respect to security-specific risk aversion. We then estimate the model to identify the belief-
formation rule that best fits the data, focusing on the extent to which recency bias shapes

the perceived return distribution.

4.1 Perception of Expected Returns

We now describe the estimates of perceived expected returns p;; that investors form from
the history of realized returns. As outlined in section 2.4, we model this perception as evolv-
ing continuously as new observations arrive, with the parameter v; governing the weighting
scheme applied to past data. When v; = 0, belief updating follows the Bayesian benchmark
and assigns equal weights to all observations. In contrast, a positive value of v; reflects
recency bias, in which more recent returns exert greater influence on current beliefs.

As an illustration, Figure 3 depicts the weighting schemes that different learning frame-
works apply to the past 250 observations. When the belief-formation parameter v; is positive,
the weights assigned to past returns decline exponentially with temporal distance from the
present. A higher value of v; corresponds to a steeper decay in weights, indicating a stronger
degree of recency bias.

We consider alternative values of v; = {0,0.01,0.02} and examine how the choice of v;(v;)
affects the dynamics of perceived average return. Figure 4 illustrates the trajectories of beliefs
about Bitcoin’s average return for various levels of recency bias. All of these paths of belief
begin with the same diffuse priors that have a mean of zero (up,o =0 and ¢ o = 10'°) and
are subsequently updated based on the same realized daily returns on Bitcoin, presented in

panel A.
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Although derived from the same sequence of realized returns, the belief trajectories in
Panel B differ markedly depending on the degree of recency bias. When vg = 0, corresponding
to Bayesian updating, the perceived average is highly persistent, as illustrated by the dashed
line. In particular, toward the latter part of the sample, the Bayesian belief remains largely
unchanged. This persistence arises because equal weighting of past and present observations
causes the influence of new data to diminish as the sample grows. Once a sufficiently large
number of observations has accumulated, learning is effectively complete, and additional data
induce only negligible revisions to the perceived average.

In contrast, when investors are subject to recency bias (vp > 0), and recent observa-
tions carry greater weight in belief formation, the perceived drift fluctuates more markedly
along with the latest return. In this heuristic learning, the influence of distant-past observa-
tions fades away, making belief updates constantly sensitive to new information — even when
past observations are plentiful. Consequently, the belief update is never complete, unlike in
Bayesian learning. A stronger recency bias, indicated by a higher value of vg, amplifies this
sensitivity and produces more pronounced swings in the perceived average, as illustrated by

the solid line.

4.2 Estimates of Security-Specific Risk Aversion

Next, we present our estimates of security-specific risk aversion. Figure 5 displays the daily
estimates of Bitcoin-specific risk aversion under different degrees of recency bias. At this
point, we are agnostic about the magnitude of the bias and instead illustrate how the choice
of vp affects the dynamics of risk aversion. Specifically, we consider three benchmark cases
in which vp = {0,0.01,0.02} — corresponding to increasing levels of recency bias.

Panels A and B plot risk aversion Rp +(Rp t+30; vp) evaluated at two future outcomes,
a 5% return and a —5% return over the next month, when vg equals zero. This case corre-
sponds to the absence of a heuristic bias in the perceived physical distribution, as implied by
Bayesian learning. We notice that Bitcoin risk aversion exhibits substantial time variation,
underscoring its conditional nature. Focusing on the estimate at —5% return, its standard
deviation is 16.31%, almost three times as large as its average of 5.55%, as reported in Table
1.

Interestingly, the choice of the recency bias parameter has a noticeable impact on the risk
aversion estimates. Panels C and D show that introducing a recency bias with vg = 0.01

leads to substantially greater volatility in Bitcoin risk aversion. This observation aligns with
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the learning framework, in which the agent’s heuristic belief updating causes the perceived
distribution to respond more strongly to the latest realization of security returns. According
to equation (21), larger shifts in the perceived distribution translate into wider fluctuations in
risk aversion, while holding the risk-neutral distribution fixed. This sensitivity is even more
pronounced under a stronger recency bias, with vg = 0.02 in Panels E and F.

For comparison, Figure 6 plots equity-specific risk aversion, estimated from options on
the S&P 500 index, under alternative learning frameworks. Similar to Bitcoin, equity-specific
risk aversion exhibits substantial time variation. When rvg = 0, the risk-aversion estimate
evaluated at a —5% return has a standard deviation of 37.13% and a mean of 35.89%. Mean-
while, equity and Bitcoin risk aversion evolve largely independently. The correlation between
the two series at the —5% return is only 0.11. This weak association suggests that investors’
risk attitudes toward these two securities are distinct, consistent with the evidence in Liu and
Tsyvinski (2020), who find that the risk factors driving cryptocurrency returns differ from
those in the equity market.

Across Panels A through F, we find that the choice of belief formation rules — Bayesian
versus recency-biased learning — also has a noticeable effect on the magnitude of equity-specific
risk aversion. This dependence underscores the importance of identifying the underlying belief

formation, a task we undertake in later sections.

4.3 Determinats of Security-Specific Risk Aversion

We now test the model’s prediction by examining the empirical response of security-specific
risk aversion to perceived expected returns. As shown in the previous sections, the estimation
of risk aversion and perceived conditional returns depends on the learning parameter v;, which
governs the degree of recency bias. In this section, we use preset values of v; and examine
whether the model predictions hold under different assumptions about belief updating. In
the following section, we identify the recency bias parameter that best fits the data.

For each value of v;, we construct the dynamics of risk aversion R; +(R; ++30;v;) and the
perceived conditional mean p; ¢(v;) for security i € {B,S}. Using these estimates, we run

time series regressions of the form
Rit(Rit430;vi) = a+ B x p;+(v;) + 7 x Controls; + €; 4 (27)

where the dependent variable is the daily estimate of security-specific risk aversion evaluated

at future returns of 5% or —5%. As described in Proposition 4, we expect risk aversion to
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respond positively to the perceived conditional mean return — when investors perceive a higher
return on a security, they allocate more wealth to the asset and therefore become more averse
to its potential losses in subsequent periods.

Controls include the conditional volatility o;, described in Section 3.3, and macroe-
conomic indicators, including growth in industrial production (AIP), consumption growth
(APCE), the Chicago Fed National Financial Condition Index (NFCI), and the inflation rate
(ACPI). These macroeconomic variables are available at the monthly frequency. We therefore
assign each monthly observation to all trading days within the corresponding month, follow-
ing standard practice in the literature. In regressions of Bitcoin-specific risk aversion, we
also include the cryptocurrency’s characteristics — network effect (Networkp) and attention
(Attentiong) indicators — which the recent study by Liu and Tsyvinski (2020) finds predict its
return and potentially reflect the risk profile. The standard errors for the coefficient estimates

are adjusted for serial correlation using the Newey-West method.

4.3.1 Bitcoin-Specific Risk Aversion

Table 2 presents the regression results for Bitcoin-specific risk aversion. Panel A shows that
the perceived conditional average return p1p ; is a strong and positive predictor of risk aversion
evaluated at a future return of —5%, regardless of the degree of recency bias. This robust
positive link indicates that a higher average return perceived by investors from history leads
them to become more averse to Bitcoin’s downside risk in the future, consistent with the
model’s prediction.

We next examine the alternative measure of risk aversion evaluated at a future return of
5% in Table 2 Panel B. The perceived expected return continues to positively predict risk
aversion at the 1% significance level. However, the goodness of fit varies markedly across
learning frameworks. In regressions onto the set of conditional moments g, and op ¢, the
adjusted R? ranges from 13.3% to 72.8% across the considered levels of recency bias. In the
following section, we will use these differences in model fit to identify the parameter vg that
underlies belief formation.

In addition to the average return, conditional volatility also shapes risk aversion. Propo-
sition 5 states that a rise in Bitcoin volatility should reduce investors’ risk aversion going
forward. While this prediction may appear counterintuitive at first, it arises naturally from
portfolio choice: in times of higher Bitcoin volatility, investors optimally reduce their expo-

sure to the asset and are therefore less sensitive to its future downside risk. The regression
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results in Table 2 support this prediction. Across all specifications, risk aversion responds
negatively to conditional volatility. Relatedly, Bliss and Panigirtzoglou (2004) and Schrein-
dorfer and Sichert (2025) document that risk aversion implicit in stock options is elevated
during periods of low volatility. Our findings reveal that a similar regularity holds in the Bit-
coin market. Moreover, our model provides a unified explanation for this stylized fact: the
dependence of risk aversion on volatility emerges endogenously through investors’ portfolio
allocation decisions.

It is noteworthy that the combination of perceived conditional average and volatility
accounts for a significant share of fluctuations in risk aversion, especially when recency bias is
present with vg > 0. In regressions using only the combination, the adjusted R? values range
from 72.3% to 76.1%. Meanwhile, adding additional controls only marginally improves the
goodness of fit. We therefore establish the perceived return distribution as a primary driver

of investors’ portfolio allocation and risk attitude, consistent with the model.

4.3.2 Equity-Specific Risk Aversion

Having confirmed the model prediction in the Bitcoin market, we turn to the S&P 500 index
and examine equity-specific risk aversion. Given that our model’s predictions are based on
portfolio choices, they should be applicable to any security. To test this idea, we estimate
the perceived conditional average pg(vs) using the index’s daily returns and evaluate its
predictive ability for equity-specific risk aversion in the specification (27).

Table 3 presents the results for the risk aversion dynamics in the equity market. Overall,
the patterns closely mirror those observed in the Bitcoin market. The perceived average
return pg ¢ formed under recency-biased learning is a significant and positive predictor of risk
aversion, while the conditional volatility og; is negatively related. These findings suggest
that investors become more sensitive to equity’s potential downside risk when they perceive
stronger past performance and less uncertainty in historical returns.

The choice of learning framework is likewise central to explaining the dynamics of equity-
specific risk aversion. Under Bayesian updating (vg = 0), the perceived average return
is negatively associated with the risk aversion evaluated at a future return of —5%, which
is the opposite of the model prediction. In contrast, introducing a recency bias (vg > 0)
restores the positive relationship consistent with the model. Notably, this sensitivity to belief
formation suggests that even small departures from Bayesian learning can generate markedly

different empirical implications. This result is consistent with the findings of Malmendier
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and Nagel (2011), who show — using consumer finance survey data — that ignoring heuristic
biases in stock return expectations leads to counterfactual predictions about investors’ market

participation decisions.

4.4 Determinats of Expected Risk Aversion

In the analysis so far, security-specific risk aversion has been defined as the local derivative of
projected marginal utility. While this measure is directly motivated by the theory, it focuses
only on specific future return realizations, such as £5%. To capture the agent’s overall
risk attitude over a broader range of future returns, we consider an alternative measure.
Specifically, we define expected risk aversion as

- 10%

Rit(vi) = /_10% Ri(Rit+305 vi)Pi e (Ri t430; Vi )dRi 1430, (28)
where the local curvature of marginal utility is integrated over the return support [—10%, 10%]
under the perceived physical distribution P; +(R; +430; 7). This formulation aggregates local
information about risk aversion in a manner consistent with the agent’s perceived proba-
bilities. Figure 7 plots the time series of expected risk aversion in the Bitcoin and equity
markets.

Under Bayesian updating, expected risk aversion for Bitcoin averages 1.43, as shown in
Table 1. As the aggregate measure of risk preferences across return states, its magnitude falls
between those of the local risk-aversion measures evaluated at —5% and 5% returns. Addi-
tionally, the expected risk aversion measure exhibits more moderate time-series fluctuations
than the local measures; its standard deviation is 4.02, approximately one-quarter of the
standard deviation of risk aversion at a —5% return. A similar pattern holds in the equity
market, where the expected risk aversion measure lies between the local measures and is less
volatile over time.!'6
Using expected risk aversion R; ;(;) and the perceived expected return ju; +(v;) for a given

value of v;, we run the time-series regression of the form

Rit(vi) = a+ B x p;t(v;) + 7 x Controls; + € ¢, (29)

16Under Bayesian updating, expected risk aversion for equity averages 0.49, below the corresponding Bitcoin
estimate of 1.43. This comparison is difficult to reconcile with the premise that investors typically allocate
substantially more wealth to equities and should therefore be more averse to equity downside risk than to
adverse returns in Bitcoin. We interpret this counterintuitive result as additional evidence supporting recency-
biased learning. When expected risk aversion is instead computed using the estimated recency bias parameters
in Section 4.5, vp = 0.021 and vs = 0.008, equity’s expected risk aversion becomes 6.62 on average, whereas
the corresponding Bitcoin estimate is 1.49.
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where controls are the same as in the specification (27). This analysis allows us to examine
how the overall risk attitude evolves in relation to the perceived return distribution.

Table 4 presents the regression results. Our baseline findings continue to hold for the
dynamics of expected risk aversion. In both Bitcoin and equity markets, a rise in the perceived
average implied by historical returns is associated with greater expected risk aversion. At
the same time, fluctuations in conditional volatility remain a negative predictor of expected
risk aversion. Furthermore, the higher adjusted R? values with positive v; indicate that
incorporating recency bias into the estimation yields a superior fit to the data compared to
Bayesian learning.

To summarize, our analysis confirms the model’s prediction that investors’ updates of
their perceived return distributions cause security-specific risk aversion to vary over time in
both the Bitcoin and equity markets. This pattern persists whether risk aversion is measured
using the local or average curvature of marginal utility. The positive association is most
pronounced when beliefs are formed under recency bias, whereas Bayesian updating yields
weaker and less consistent results across alternative measures of risk aversion. This contrast
highlights the importance of identifying the bias parameter v; in better understanding the
belief-formation rule that shapes investors’ empirical risk attitudes — a task we undertake in

the next section.

4.5 Estimation of Recency Bias in Belief Formation

The objective of this section is to identify the parameter v; that governs recency bias in
belief formation. Our preceding analysis shows that different values of v; — particularly those
distinguishing recency-biased learning from Bayesian updating — yield distinct paths for the
perceived conditional mean return and security-specific risk aversion. Given this sensitivity,
the degree of recency bias cannot be imposed a priori and must instead be identified from
the data.

To identify the belief-formation parameter, we use estimates of expected risk aversion.
We focus on this measure rather than the local estimates of risk aversion because we aim to
capture the dynamics of overall risk attitudes rather than the behavior at a particular return
outcome. Equation (29) provides the model prediction for expected risk aversion, and we

examine its goodness of fit across different choices of v;.17

Our estimation approach is motivated by Malmendier and Nagel (2011), who estimate a learning parameter
from stock market participation survey data.
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For each asset, we estimate the regression model (29), including the recency bias parameter
v;. Specifically, we search for the set of parameters, ©; = (v;, , 3,) that minimize the sum
of normalized squared residuals:

2

d [th(%) - ﬁzt(gz) (30)

\/ SST v;

where 7/5”(62) are the fitted values of equation (29) and SST denotes the total sum of squares,
defined as

T
©; = argmin E si,t(@i)Q = arg min
e o,

T 2
SST(vs) =) (Ri,t(m) — ;ZRM(W)> . (31)

t=1
This normalization reflects the fact that the dependent variable ﬁi,t(l/i) itself varies with the
choice of v;, and therefore, non-normalized residuals do not permit a meaningful comparison of
goodness of fit across specifications. Essentially, minimizing the sum of normalized squared
residuals is equivalent to maximizing the regression R? across alternative values of v;.'®
Details of this estimation are provided in Appendix C.

Figure 8 illustrates our identification strategy by plotting the sum of squared normalized
residuals from regression (29) for alternative values of the recency-bias parameter v; over
the range [0,0.05]. In both the Bitcoin and equity markets, the objective function exhibits a
pronounced U-shaped pattern with a well-defined interior minimum, indicating that the data
contain sufficient information to identify v;. Moreover, the minimum occurs at a substantially
higher value of v; in the Bitcoin market than in the equity market, providing preliminary
evidence that investors place greater weight on recent observations when forming beliefs
about Bitcoin returns. We quantify this difference formally in the estimation results below.

We emphasize that no constraints on v; are imposed in the estimation. Instead, we let data
reveal which learning framework best explains the dynamics of risk aversion. The estimate of
v; being not significantly different from zero would point to Bayesian learning. Alternatively,
a positive (negative) estimate of v; would indicate recency (primacy) bias in learning, where
more recent (more distant) observations in the security history have greater impact on current
beliefs.

Table 5 reports the estimation results. In the Bitcoin market, the null hypothesis of no

18 Formally,

__ ~ 2

> tT_l [Rit(yi) _Rit(ei)] T (%=, (vi) — 5 .

2 o s 1 = ’ ’ 1 it Vz) Rz, (61)
R”statistics = 1 ST =1 E :
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recency bias (vp = 0) is rejected. Instead, the parameter estimates are positive and highly
significant, with a t-statistic of 26.57, confirming the presence of recency bias in the perceived
distribution of Bitcoin returns. Quantitatively, the estimate of 0.021 implies that in belief
formation the weights on past observations decay exponentially, such that a return observed
108 days ago receives only one-tenth the weight of today’s return.'® This rapid decay in
the influence of past observations stands in sharp contrast to the equal weighting implied by
Bayesian learning.

Simultaneously, we confirm that Bitcoin-specific risk aversion is positively associated with
the perceived average return pp; formed under recency-biased learning. This relationship
is economically significant. The coefficient estimate of 3.810 implies that a one-standard-
deviation increase in the perceived average raises risk aversion by 62.5% of its own standard
deviation, representing the strongest effect among the determinants considered. The second
most influential factor is volatility. Based on the coefficients on o ;, a one-standard-deviation
increase in volatility lowers risk aversion by 16.2% of its standard deviation. These jointly
significant relationships establish that investors’ continuous updates of perceived return dis-
tributions — and the resulting portfolio reallocations — constitute a fundamental force driving
the dynamics of risk aversion.

Next, we examine the results for the equity market index. The estimate of recency bias
vg implicit in the equity market is positive, and statistical significance is even stronger with
a t-statistic of 54.83. We therefore confirm that investors’ perception of stock market returns
is also strongly influenced by recency bias.

Importantly, the point estimate of vg is approximately half the magnitude of its Bitcoin
counterpart. According to the estimated recency bias parameter of 0.008, investors place
one-tenth the weight on a stock market return observed 287 days earlier relative to the most
recent return. This rate of decay is markedly lower than in the Bitcoin market, where the
same reduction in weight occurs after 108 days. This comparison suggests that participants
in the Bitcoin market process information in a more short-sighted manner: their perceptions
of the return distribution are substantially more influenced by recent data than those formed

in the equity market.

19 According to equation (18), the weight on returns observed k days earlier than the current date is propor-
(1—vy)*

(1—v;)0

tional to (1 — v;)*. Thus, the weight decay from today to k days earlier is . Given the estimate of vp,

we solve for k£ such that
(1—-vp)"*

ST IB 0.
(1—-wvB)°

Solving for the unknown, we find k = 108.49.
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Interestingly, our estimate of the weight decay in the equity market is quantitatively
similar to the evidence in the literature. Greenwood and Shleifer (2014) find that survey-
based expected returns correlate strongly with an exponentially weighted moving average of
past returns. In particular, their estimated weights suggest that returns from four quarters
earlier are 9.8% as influential as returns from the most recent quarter in shaping current
expectations.?? This close alignment lends external validity to our option-based analysis and
reinforces the ensuing conclusion that the magnitudes of recency bias differ across markets.

Why does the Bitcoin market exhibit a stronger recency bias than the equity market?
One interpretation is that recency-biased learning serves as a heuristic approximation to an
optimally chosen estimation window. Econometric studies, such as Pesaran and Timmer-
mann (2007), emphasize that the estimation window should be adjusted to minimize forecast
errors when structural breaks in the data-generating process are anticipated. In environments
characterized by larger or more frequent structural shifts, shorter estimation windows are pre-
ferred to reduce bias arising from outdated information. In this regard, Bitcoin’s regulatory
outlook and long-run adoption path remain highly ambiguous, leading investors to anticipate
more frequent fundamental changes. As a result, investors may heuristically anchor their

expectations to recent observations as a way to capture rapidly changing fundamentals.

4.6 Robustness Test: Alternative Measures of Risk Aversion

In this section, we examine the robustness of our findings using alternative measures of risk
aversion. First, we construct security-specific risk aversion based on the rational physical
distribution, which is not subject to recency bias. Second, we employ weekly, rather than

daily, estimates of our baseline risk aversion measures.

4.6.1 Risk-Aversion Estimation without Recency Bias

In our baseline estimation, recency bias shapes both the physical probability P; + (R; +y30; Vi)
— and hence the option-implied risk aversion — and the perceived average return p;+(v;).

While this formulation ensures internal consistency, the estimated relationship between risk

20Greenwood and Shleifer (2014) conduct time-series regressions of survey expectation (Exp,) of stock market
returns for the next year on the exponentially weighted average of past market returns

k
Exp, =a+8Y w;Ri;+e,

=0

where the weight on return from j quarters earlier is w; = ,37]” They estimate A = 0.56 on average. The
=0

. . . o wa _ A
resulting decay in weight over four quarters is w—g = So ~ 0.098.
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aversion and perceived average might partly reflect a mechanical relation; both the dependent
and independent variables in equation (29) depend on the same parameter v;. To address this
concern and isolate the economic force of portfolio choice as the driver of the relationship, we
consider an alternative measure of risk aversion that is constructed independently of v;.

Specifically, we define the rational physical probability P; ; (R; ++30; ¥ = 0), under which
all past observations up to date t receive equal weight as in Bayesian learning. The resulting
expected risk aversion is

10%
Rit(0) = - Rit(Rity30;vi = 0)P; ¢ (Ri t130;vi = 0)dR; ¢ 430 (32)
Using this alternative measure of risk aversion as the dependent variable, we re-estimate
equation (29) including the recency bias parameter. Importantly, the parameter v; enters only
through the construction of the perceived expected return p; 4(1;) and does not affect R; +(0).
As a result, this specification eliminates the mechanical relation between the dependent and
independent variables.

Table 6 reports the results. The estimates of v; remain positive and statistically significant
in both the Bitcoin and equity markets. These consistently positive estimates confirm that
our main findings are not spuriously driven by statistical artifacts, and that recency bias
indeed characterizes the underlying belief formation. Furthermore, we continue to observe
differential degrees of heuristic bias across markets; v is again more than twice as large as vg.
This observation echoes our baseline results and further supports the conclusion that recency
bias is considerably more pronounced in the Bitcoin market than in the equity market.

Meanwhile, this alternative parameter estimate differs in magnitude from our baseline. For
example, in the equity market, the alternative estimate vy = 0.015 indicates that the weights
on past observations decline to one-tenth after 152 days, compared with 287 days under
baseline specification. We interpret that this discrepancy reflects a biased characterization
of belief formation arising from model misspecification. In the correct specification, where
both risk aversion and perceived average are constructed under the same heuristic beliefs,
the resulting weighting scheme closely aligns with the evidence in Greenwood and Shleifer
(2014). On the other hand, the alternative specification helps us establish the robust role
of heuristics in the agent’s perception, but it overstates the degree of recency bias due to

misspecification.
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4.6.2 Alternative Data Frequency and Sample Period

In our main analysis, we examine the daily estimates of risk aversion and apply Newey-West
adjustments in the regressions to address potential bias arising from serial correlation. As an
alternative approach, we re-estimate the risk aversion at the weekly frequency and estimate
the recency bias parameter v; that best explains its weekly variation. The results, presented
in Appendix D, show that vg is 0.020 for Bitcoin, and vg is 0.007 for the equity market. These
estimates are quantitatively close to those obtained from daily data, and therefore testify to
the robustness of our finding regarding the magnitude of recency bias in both markets.

In addition, we consider an alternative sample period for the stock-market estimation. Our
baseline estimates use the full sample of S&P 500 index options from January 1997 to June
2024, which is substantially longer than the Bitcoin option sample beginning in January 2017.
Given this disparity in data coverage, one might argue that our finding of stronger recency
bias in the Bitcoin market simply reflects investors’ general behavior over more recent years
rather than their security-specific attitudes. To address this concern, we sub-sample the data
on stock index options to match the availability of Bitcoin option data and re-estimate the
model. The result, reported in Appendix D, is that vg from this matched sample is 0.009,

very close to the baseline estimate obtained from the full sample.

5 Conclusion

This paper examines how investors form beliefs about the return distribution and adjust
their risk attitudes when facing a new financial asset, such as Bitcoin. Using a theoretical
framework and option-implied measures of absolute risk aversion, we show that investors’ risk
aversion toward securities evolves endogenously, as beliefs formed from growing observations
lead them to adjust portfolio exposures. Empirically, we find that option-implied risk aversion
toward Bitcoin is lower on average than equity risk aversion, and that investors exhibit a
pronounced recency bias, placing excessive weight on recent information when forming return
expectations. This bias is stronger in the Bitcoin market, consistent with investors’ reliance
on heuristics when historical data are limited and structural changes are anticipated. Overall,
our findings emphasize the central role of belief formation and learning dynamics in shaping

demand, risk attitudes, and asset prices in emerging financial markets.
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Figure 2: Bitcoin Options Trading Volume on Deribit
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This figure summarizes the trading activity in Bitcoin options. Panel A compares monthly
Bitcoin option trading volumes on Deribit and CME. Panel B displays the daily contract
volume traded on Deribit. Historical CME data are obtained from The Block.
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Figure 3: Weighting Functions under Bayesian and Recency-Biased Beliefs
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This figure shows the weighting schemes implied by Bayesian (v = 0) and recency-biased
learning (v > 0) when the perceived average is constructed from the past 250 observations.
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Figure 4: Perceived Expected Return on Bitcoin under Bayesian and Recency-

Biased Beliefs

Panel A: Realized Returns Panel B: Perceived Expected Return
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This figure shows the daily realized returns on Bitcoin (Panel A) and the corresponding
perceived average return on Bitcoin under different degrees of recency bias with parameter
values v = {0,0.01,0.02} in Panel B.
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Figure 5: Bitcoin-Specific Risk Aversion

Panel A: RB,t (RB,t+3O = —5%; vp = 0)

60

40+

20+

20+

o
: .
.{l
o™
i
%
- \'g’ . e
: '_i.’ .
[
*S%s
o5
LR, 2N
% o tor.

AR
' .

2019 2020 2021 2022 2023 2024

Panel C: RB,t (RBﬂnggo = —5%; vp = 0.01)

60

40+

20+

-20¢t

8 ;
iR Eab
B §os
<o, . .
RIS .

O'“
Py
BN v
L 1
* .
A~ J
- &%
iy,

2019 2020 2021 2022 2023 2024

Panel E: Rp; (Rp+30 = —5%; vp = 0.02)
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This figure shows daily estimates of Bitcoin-specific risk aversion, R +(Rp,+30; VB), evaluated
at Bitcoin returns of —-5% and 5% over the subsequent month. Panels A and B report estimates
for vg = 0, Panels C and D for vg = 0.01, and Panels E and F for vg = 0.02.
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Figure 6: Equity-Specific Risk Aversion
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This figure shows daily estimates of equity-specific risk aversion, Rg(Rs++30; Vs), evaluated
at market returns of -5% and 5% over the subsequent month. Panels A and B report estimates
for vg = 0, Panels C and D for vg = 0.01, and Panels E and F for vg = 0.02.



Figure 7: Expected Risk Aversion

Panel A: Rp; (vp = 0)

Panel B: Rg; (vg = 0)

20 60
10 407
. 20
045
_10 L . L}
2019 2020 2021 2022 2023 2024 - 2019 2020 2021 2022 2023 2024
Panel C: Rp; (vp = 0.01) Panel D: Rg¢ (vs = 0.01)
20 60
. 40+
10+ . § ; ;
. B B S i
ST T L 0.8 ik - O
ol A R 1 RYA BEEA Be:
2 S W‘ : .*.;;: 3?‘ ;;g:;f 5, "é ;
. f ’ 0" ki HE' '"’l"
~101t ¥ # ! 'ﬁ.ﬂﬁ 1
2019 2020 2021 2022 2023 2024 _ 2019 2020 2021 2022 2023 2024
Panel E: Rp; (v = 0.02) Panel F: Rg; (vs = 0.02)
20 60
U i &
< P ﬁé{_ s .! : 'f.
ST Y 3
ol «.m'.--:.y.ﬂ‘-.‘:--'
o iR TR aa g
k N
-10!

2019 2020 2021 2022 2023 2024

2019 2020 2021 2022 2023 2024

This figure shows daily estimates of expected risk aversion, ﬁiyt(yi), where the security ¢ €
{B, S} is either Bitcoin or the equity market index. Panels A and B report the estimates for
v; =0, Panels C and D for v; = 0.01, and Panels E and F for v; = 0.02.
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Figure 8: Goodness of Fit of Security-Specific Risk Aversion Regressions
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This figure shows the goodness of fit in the regression of the option-implied risk aversion
across alternative belief formation parameters. In both panels, y-axis indicates the sum of
squared normalized residuals from the following regression specification:

Rit(vi) = o+ B x pit(vi) + v x Controls; + €; ¢

where the security i € {B, S} is either Bitcoin or the S&P 500 index. R;:(R;i+1) is the
security-specific expected risk aversion defined in equation (28) . Controls are the same as
in equation (27). For the belief formation parameter v;, we use 500 different values between
0 and 0.05. For each value of v, we estimate the perceived average p;+(v;) and conduct the
time-series regression. Panel A presents the sum of residuals in the Bitcoin market, and Panel
B is for the equity market.
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Table 1: Summary Statistics

Mean  Std.Dev. 5% 25% 50% 75% 95%
Bitcoin Options
Implied Volatility 0.7375 0.2277 0.4205 0.5772  0.7103  0.8607  1.1511
Moneyness (K/F) 1.0544 0.2623 0.7148 0.9004  1.0218 1.1582  1.5119
Time to Maturity (days) 41.3033  36.4555 10 15 28 54 127
Rp(RBi+1 = —5%;vp =0) 5.5450  16.3123  -1.7651 1.4823  3.4121  7.1145 19.6223
Rp(RBi+1 = 5%;vp = 0) 0.0529 5.0947 -5.2429  -1.2326  0.1413  1.6177  5.8315
EB.I(Z/B =0) 1.4290 4.0262 -1.8077  -0.0477  1.3026  2.7084  4.9703
Rp(vp = 0.021) 1.4892 6.0911 -6.2531  -2.7677  0.4847  5.3075 11.2949
Equity Options
Implied Volatility 0.2006 0.0857 0.0937 0.1379  0.1888  0.2449  0.3482
Moneyness (K/F) 0.9846 0.0999 0.8273 0.9210  0.9828  1.0437  1.1460
Time to Maturity (days) 66.4823  45.1741 14 28 56 98 156
Rsi(Rst41 = —5%;vs = 0) 35.8881 37.1280  -1.0676 84701  24.7519 56.4483 93.9251
Rst(Rs+1 = 5%;vs =0) -5.1753  26.8353 -36.6753 -14.5075 -6.9149 3.5761 30.6537
Rs(vs =0) 0.4874  2.7843  -3.5738  -1.6749 0.2855  2.4335  5.2964
Rs.t(vs = 0.008) 6.6190 10.8186  -7.4745 -2.6984  5.2001 14.0657 26.1328
Underlying Securities
Daily Excess Returns of Bitcoin 0.0013 0.0368 -0.0589  -0.0129  0.0013 0.0168  0.0577
Daily Excess Returns of S&P 500 1.72¢™*  0.0103 -0.0155  -0.0045 0.0003  0.0051  0.0152
Macroeconomic Controls
Industrial Production Growth 0.0081 0.0510 -0.0481  -0.0106  0.0114 0.0316  0.0657
Consumption Growth 0.0275 0.0458 -0.0080 0.0128 0.0244  0.0432  0.0739
Consumer Price Index Growth 0.0164 0.0128 0.0028 0.0086 0.0129  0.0204 0.0421
NFCI 0.0025 0.9998 -0.8043  -0.6117 -0.3698 0.2182  2.3230
Bitcoin Controls
Network 18.3824  0.2988 17.8826  18.2001 18.3860 18.5749 18.8744
Attention 1.3401 0.2239 1.0021 1.1761 1.3222  1.4914  1.6981

The table presents summary statistics for the estimates and control variables. For security
i € {B,S}, Ri(Rit1;vi =0) is the security-specific risk aversion evaluated at the future
return R; 41 of 5% or -5%, and ﬁ@t(w = 0) is the security-specific expected risk aversion.
Both measures are constructed under the assumption that the recency bias parameter v; is
zero. Rp+(vp = 0.021) and Rg+(vg = 0.008) are alternative measures of expected risk aver-
sion under the estimated recency bias parameter for each security. Macroeconomic controls
include industrial production growth (AIP), consumption growth (APCE), consumer price
index growth (ACPI), and the Chicago Fed National Financial Conditions Index (NFCI). The
growth rates are annualized. Bitcoin controls include the attention indicator, constructed from
Google search volume, and the network indicator, calculated as the first principal component
extracted from the numbers of transactions and active accounts in the Bitcoin network.
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Table 2: Determinants of Bitcoin-Specific Risk Aversion

Panel A: Risk Aversion at Rp 30 = —5%

vg =0 vp = 0.01 vp = 0.02
B, 27.687*** 22.025** 10.456*** 9.491*** 10.259*** 10.207***
(4.754) (2.542) (15.149) (10.910) (15.903) (15.916)
OBt —38.160"* —31.511"* —30.936™* —29.386™** —27.502"** —31.718"**
(-9.042) (-6.605) (-4.632) (-4.827) (-3.928) (-4.626)
AIP 0.117 1.140 1.633
(0.204) (1.113) (1.313)
APCE -0.284 —1.329* —2.038**
(-0.689) (-1.690) (-2.098)
NFCI —3.135* —4.953* —4.626*
(-1.954) (-1.763) (-1.717)
ACPI -0.685 -0.141 8.524
(-0.184) (-0.020) (1.095)
Network g 2.324** 2.985 0.132
(2.243) (1.129) (0.049)
Attentiong -1.720 0.004 0.356
(-1.574) (0.002) (0.199)
N 982 982 982 982 982 982
adj-R? 0.496 0.525 0.732 0.742 0.761 0.775
Panel B: Risk Aversion at Rp ;130 = 5%
vg =0 vp = 0.01 vp = 0.02
B, 14.128*** 16.888** 7.887*** 7.920%** 8.029*** 8.293***
(3.902) (2.285) (15.189) (16.498) (15.443) (15.309)
OBt —8.430*** —7.264** —9.842***  —09.189*** —8.412* —11.366***
(-3.772) (-2.278) (-3.874) (-3.425) (-1.880) (-2.736)
AIP 0.536 1.488** 0.989
(1.583) (1.964) (1.157)
APCE -0.158 —1.255** -0.884
(-0.515) (-2.131) (-1.268)
NFCI -0.369 -0.444 -0.636
(-0.330) (-0.314) (-0.317)
ACPI 0.199 2.284 11.228***
(0.113) (0.641) (2.353)
Network g 0.595 0.465 -0.377
(0.772) (0.343) (-0.193)
Attentionp —1.181* -0.257 -0.017
(-1.701) (-0.238) (-0.014)
N 982 982 982 982 982 982
adj-R? 0.133 0.187 0.723 0.732 0.728 0.743

The table reports regressions of Bitcoin-specific risk aversion Rp +(Rp t+30; vp) on the perceived ex-
pected return pp, and controls, for various levels of recency bias, vg = {0,0.01,0.02}. Panel A
presents the result for the risk aversion evaluated at Rp ;430 = —5%, and Panel B is for the risk aver-
sion at Rp +30 = 5%. Controls include the Bitcoin’s conditional volatility (o), growth in industrial
production (AIP), consumption growth (APCE), Chicago Fed National Financial Condition Index
(NFCI), inflation (ACPI), Bitcoin’s network factor (Networkp) and attention indicator (Attentiong).
Parentheses report ¢-statistics based on standard errors estimated with the Newey-West correction
for serial correlation. *, ** and *** denote statistical significance at the 10%, 5%, and 1% levels,

respectively.
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Table 3: Determinants of Equity-Specific Risk Aversion

Panel A: Risk Aversion at Rgty30 = —5%

vg =0 vg = 0.01 vg = 0.02
1St —318.417** -116.988 137.515%** 154.384*** 114.967* 136.519***
(-2.434) (-0.819) (8.150) (16.291) (7.392) (14.833)
o5t —444.974**  —402.083*** —489.204™* —526.026*** —505.216*** —583.818***
(-14.079)  (-13.046)  (-12.761)  (-16.053)  (-12.425)  (-15.692)
AIP 0.232 2.887 6.574
(0.105) (0.801) (1.506)
APCE -2.502 —6.467** —11.649***
(-1.208) (-2.062) (-3.625)
NFCI —11.582*** 7.437 13.721**
(-3.168) (1.123) (2.292)
ACPI —56.421*** —88.535*** —92.081***
(-4.047) (-5.604) (-5.203)
N 5,739 5,739 5,739 5,739 5,739 5,739
adj-R? 0.542 0.582 0.622 0.652 0.596 0.637
Panel B: Risk Aversion at Rg 430 = 5%
vg = 0 vg = 0.01 vg = 0.02
Hs.t 408.606*** 367.976*** 67.910*** 77.934*** 61.711%* 68.306***
(4.201) (3.504) (10.204) (14.348) (9.307) (12.923)
05t 45.878*** 65.750*** -20.808 —34.413* —41.405** —58.310"**
(4.245) (5.725) (-1.482) (-1.917) (-2.373) (-2.669)
AIP -2.201 -3.042 -0.001
(-1.276) (-1.175) (~0.000)
APCE 0.357 -2.831 —6.066***
(0.243) (-1.509) (-2.803)
NFCI —4.353*** 3.730 3.675
(-3.424) (1.312) (1.044)
ACPI -1.009 -2.060 1.536
(-0.083) (-0.163) (0.105)
N 5,739 5,739 5,739 5,739 5,739 5,739
adj—R2 0.048 0.068 0.395 0.413 0.442 0.457

The table reports regressions of equity-specific risk aversion R (Rsg,+30; Vs) on the perceived expected
return pg; and controls, for various levels of recency bias, vg = {0,0.01,0.02}. Panel A presents the
result for the risk aversion evaluated at Rsiy30 = —5%, and Panel B is for the risk aversion at
Rsi+1 = 5%. Controls include the stock market conditional volatility (og,;), growth in industrial
production (AIP), consumption growth (APCE), Chicago Fed National Financial Condition Index
(NFCI), and inflation (ACPI). Parentheses report t-statistics based on standard errors estimated with
the Newey—West correction for serial correlation. *, ** and *** denote statistical significance at the

10%, 5%, and 1% levels, respectively.
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Table 4: Determinants of Expected Risk Aversion

Panel A: Bitcoin

v =0 vp = 0.01 vp = 0.02
Bt 14.715%** 11.582%** 3.953*** 3.772%* 3.781*** 3.794***
(6.350) (2.607) (12.505) (11.452) (13.058) (14.620)
OBt —13.208***  —9.909***  —7.985***  —R.034™** = —6.452*** = —8.429***
(-9.471) (-4.951) (-3.657) (-4.130) (-2.790) (-3.688)
AIP 0.370 0.781 0.771
(1.480) (1.589) (1.332)
APCE -0.217 —0.776** —0.816*
(-1.487) (-2.269) (-1.873)
NFCI -1.035 -0.985 -1.381
(-1.385) (-0.984) (-1.326)
ACPI -1.584 0.786 3.949
(-1.252) (0.300) (1.398)
Networkpg 1.143** 0.590 -0.067
(2.834) (0.617) (-0.069)
Attentionp -0.456 0.206 0.322
(-0.972) (0.299) (0.424)
N 982 982 982 982 982 982
adj-R? 0.442 0.490 0.716 0.729 0.742 0.762
Panel B: Stock Market
Vg = 0 Vg = 0.01 vg = 0.02
1St 75.122%** 85.935*** 40.720%* 47.921%* 36.314*** 41.229%**
(4.381) (4.834) (8.853) (12.917) (8.434) (12.296)
o35t —19.907**  —14.535"** —45.581"* —60.310"** —58.577** —76.248***
(-8.900) (-6.242) (-5.753) (-6.657) (-5.733) (-6.814)
AIP —0.459* 0.423 1.724
(-1.805) (0.335) (1.106)
APCE -0.432 -1.417 —2.956%**
(-1.580) (-1.613) (-2.604)
NFCI —1.156*** 3.535** 3.529**
(-5.140) (2.271) (2.025)
ACPI -3.414 -1.394 -3.706
(-1.542) (-0.249) (-0.539)
N 5739 5739 5739 5739 5739 5739
adj-R? 0.302 0.351 0.569 0.589 0.541 0.560

The table reports regressions of security-specific expected risk aversion R;;(v;) on the perceived ex-
pected return p; ¢(v;) and controls, for various levels of recency bias, v; = {0,0.01,0.02}. Panel A
presents the results for Bitcoin, and Panel B presents the results for the stock market. Controls in-
clude the security’s conditional volatility (o; ), growth in industrial production (AIP), consumption
growth (APCE), Chicago Fed National Financial Condition Index (NFCI), and inflation (ACPI). For
Bitcoin, the network factor (Networkz) and attention indicator (Attentionp) are included as additional
controls. Parentheses report t-statistics based on standard errors estimated with the Newey—West cor-
rection for serial correlation. *, ** and *** denote statistical significance at the 10%, 5%, and 1%

levels, respectively.
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Table 5: Estimation of Recency Bias Parameter

Bitcoin Equity
Parameters
VB 0.021***
(26.573)
Vg 0.008***
(54.834)
Regression Coefficients
IB.t 3.810™**
(14.603)
OBt —8.550™**
(-3.813)
ISt 48.734***
(13.018)
oSt —54.560***
(-6.688)
ATP 0.736 0.254
(1.265) (0.217)
APCE —0.801* -1.227
(-1.808) (-1.510)
NFCI -1.448 2.910**
(-1.371) (1.982)
ACPI 4.470 -2.450
(1.562) (-0.468)
Networkpg -0.198
(-0.202)
Attentionpg 0.290
(0.377)
N 982 5,739
adj-R? 0.764 0.594

The table presents the recency bias parameter estimates for Bitcoin and the stock market by regressing
security-specific expected risk aversion R; ¢(1;) on the perceived expected return p; ;(v;) and controls.
Controls include the security’s conditional volatility (o;,), growth in industrial production (AIP),
consumption growth (APCE), Chicago Fed National Financial Condition Index (NFCI), and inflation
(ACPI). For Bitcoin, the network factor (Networkp) and attention indicator (Attentiong) are included
as additional controls. Parentheses report t-statistics based on standard errors estimated with the
Newey—West correction for serial correlation. *, ** and *** denote statistical significance at the 10%,

5%, and 1% levels, respectively.
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Table 6: Alternative Estimation of Recency Bias Parameter

Bitcoin Equity
Parameters
VB 0.050***
(4.017)
Vs 0.015***
(5.206)
Regression Coefficients
IB.t 0.348***
(4.016)
OBt —6.836***
(-5.691)
ISt 5.400***
(7.129)
oSt —26.666***
(-10.490)
AIP 0.288 —0.842**
(1.116) (-2.567)
APCE —0.293* —0.613**
(-1.662)  (-2.342)
NFCI —1.875%* -0.519
(-3.536) (-1.569)
ACPI 0.074 -0.410
(0.066) (-0.221)
Networkpg 0.960***
(2.791)
Attentionpg -0.172
(-0.493)
N 982 5,739
adj-R? 0.548 0.482

The table presents the recency bias parameter estimates for Bitcoin and the stock market by regressing
security-specific expected risk aversion R;:(v; = 0) on the perceived expected return u,¢(v;) and
controls. Controls include the security’s conditional volatility (o;,), growth in industrial production
(AIP), consumption growth (APCE), Chicago Fed National Financial Condition Index (NFCI), and
inflation (ACPI). For Bitcoin, the network factor (Networkp) and attention indicator (Attentionp)
are included as additional controls. Parentheses report t-statistics based on standard errors estimated
with the Newey—West correction for serial correlation. *, ** and *** denote statistical significance at
the 10%, 5%, and 1% levels, respectively.

47



Internet Appendix

A Proofs of the Portfolio Choice Propositions

A.1 Proof of Proposition 1

In this section, we derive the portfolio allocation that maximizes the agent’s utility. The

expectation of the approximated utility is

E; [u(Wit1)] = B¢ [u(l + Ry + w) Rp)] (33)
u"(1+ Ryy)
2
u" (14 Ryy)
2

~ By |u(l4 Ryy) + 4/ (14 Ry )w/ Regr + w/ R R/ w

=u(l+ Rysy) +u' (14 Rﬂt)w;rﬂt + th (Et + utu:) Wy.

To find the optimal allocation, we differentiate the approximated expected utility with respect

to the portfolio weight:
OB [u(Wi1)]

Iw ~ U/(]. + Rfﬂf)lu’zt + UH(]. + Rﬁt) (Et + Htllz;r) Wi = 0. (34)
t
The FOC leads to the optimal allocation:

. W(1+Rp)

-1
W = w'(1 +Rf,t) (Et + ety ) K- (35)

A.2 Proof of Proposition 2

We consider a simple case where there are two risky assets, equity and Bitcoin. We first

obtain the inverse matrix in the solution of the optimal allocation:

2 2
Optt My  MBHSt
e+ pp) = (36)

2 2
KB,tHSt 054+ Mgy

2 2
1 O+ Hsy —HBtHSt

—1
(Be+mepy ) =
tHt 2 2 2 2 2 2
05498, T Hs19B: THBAOS | —pup s 0%, + 1%,

Then, the weights for Bitcoin and equity are

w*Bt U/(].‘l‘th) ( Ty 1
o= (B )y (37)
wy, u”(1+ Ryt)
w'(1+ Ryy) 1 0%+ 1S, —HBits: | |BB.t

o 2 2 2 2 2 2
u”(1+ Ryy) 05408+ T M5O T HB 105, — LB 1S, 0'123 T+ NQB | | HSt

KBt
, ,
o U (1 + Rf,t) UzB,tJ’_u%’,tng,t/U%,t—"_'u’QBJ

— W(1+ Ryy) s e

3 3 33 )
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A.3 Proof of Proposition 3

Using the analytic expression of the optimal weights provided by Proposition 2, we examine
the dependence of the weights on the return statistics. First, to assess the volatility impact,
we differentiate the weight respect to the variance:
owi,  u/(1+ Ryy) prig (L+p2, /0%, )
aait (L Ry4) [Jzz,t + “%i,to-zz,t/o-%i,t + M?,t]Q

(38)

where i € {B,S}, and —i indicates the other risky asset. Note that «/(1 + Ry;) > 0 and

ow?;
550 < 0.

i,t

u’(14 Ry4) < 0. Thus, as long as p; ¢ > 0,
Next, to examine the impact of the average return, we differentiate as follows:

8w;‘,t . w'(1+ Ryy) 01’2,15 - sz,t + N%i,tazz,t/agi,t

Y 2 (39)
Ot u’(1+ Ry [Uzz,t + /”Lz—i,to-z’z,t/o-zi,t + Mzz,t]
Under the realistic assumptions that o;; > p; ¢, it follows that 21:?": > 0.

A.4 Proof of Proposition 4
To characterize the absolute risk aversion, we first expand the expected marginal utility:
u;'7t(Ri,t+1) =K [u/(l +w, Ryy1 + Rf,t)‘ Ri,t+1] (40)
~E o (1+Rypy) +u”"(1+ Rype) Wigr — 1 — Rypp)| Ry p41]
= (14 Ryy) +u"(1+ Ryo) (™ iy +wj Ry p11). (41)
According to the definition in equation (9), the risk aversion specific to security i is
dlog u;,t(Ri,Hl) B u” (14 Rf’t)w;k’t

ORipir WL+ Rpe) + (14 Ryo)(wh, e+ w) Ripin)
(42)

Ri(Rit+1) = —

The security-specific risk aversion rises with its weight w;,. Formally,

ORi (Rir1)  —u'(14 Rpe) [/ (14 Rype) +u"(1+ Ry o) (w™; ypi—ip + w o Rivi1)] +u” (14 Ry )wfu” (1+ Rpo)Rijia

ow; , [w/ (14 Rye) +u”(1+ Rye)(w?; pi—ive + w] Ries1)]
= (L4 Ryp) (W' (14 Rye) +u” (14 Ry )w?; ypi—it) =0
[w/(1+ Rpe) + (1 + Rypo)(w*, ppimi +wi Riein)]”

The inequality holds as long as the second term in the numerator, u'(1 + Ry;) + v (1 +
Rﬁt)w*_i,tu_i,t , is positive. This term is the same as marginal utility at 1 + R;; + x when
r=w", p—it <1+ Ry and the second-order Taylor approximation is employed:

Ou(l+ Rpo+ ) _ O[u(l+ Rpy) +/(1+ Ryp)z+0.5u"(1+ Rpy)a’]
ox ox
=u'(1+ Rss) +u”(1+ Ryy)x.

(43)
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In addition, according to Lemma 1, w*—i,t >0if pjy > 0. Asz = wiiyt,u_i,t > 0, the

Ou(14+Ry +x)
ox

marginal utility > 0, leading to u'(1+ Ry ;) +u"(1+ Ry )w™; pi—i > 0.

A.5 Proof of Proposition 5

Combining the results outlined in Proposition 2 and 3, we derive the absolute risk aversion’s
dependence on the conditional return distribution.

OR; (Rit+1) _ OR; (Rii41) 0w},

>0 44

Ottt aw;t Opui ¢ ()
OR; (Rity1) OR; (Rypq1) Owiy

2 = 2 — <0 45

801-2’ : owy 80% (45)

if 0 < Wit < Ot
B Learning with Recency Bias

This section presents how beliefs about the average return of security ¢ are updated given the
parameter v; that controls heuristic bias. The investors begins with prior beliefs about the

true average return m; given by

e — s )2
w(m;) = ! exp <—(1M2’0)> : (46)

2
\ /2«,01270 2070

The sampling probability of realized returns up to date ¢ under heuristic bias is

1—v;)t*
t t ( i)

—v; t—s 1 Ri,s - mz 2
Hp(Ri,s|mi)(1 07 = H ———=€xp <—(202)> : (47)
s—1

s=1 s=1 20’142 i,5—1

The posterior beliefs are formed according to Baye’s law, and they are normally distributed

as follows:
t

m(mg|Ri 1, .., Rig; 1) o< Hp(Ri,s!mi)(lfw)t_s X ﬂ(mi)(lf”i)t
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where the mean and standard deviation of distributions are

(1— 1/1 VR (1—wvi)uio
@zt Z + @2
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-y o

s—1 z s—1 <lOi,O

These formulations imply recursive updates of posterior beliefs:
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C Nonlinear Least Squares Estimation

In section 4.5, we estimate the nonlinear model with the set of the recency-bias parameter
and regression coefficients ©; = (v;, a, 3,7). We search for the set that minimizes the sum of

squared normalized residuals:

o R 2
S minz€z’,t(9i)2 — arg minz [th(l/z) — th(@z)] (50)

where ﬁm(@i) = a+ B X pui +(v;) +7 x Controls;. The estimates’ standard errors are obtained

from their asymptotic distribution with residuals’ serial correlations taken into account. First,

we numerically calculate the T x k Jacobian matrix J(©;) with rows J,(6;) = agég?i) 0,-6,"
Next, we obtain the Newey-West estimator of covariance matrix, J'I'J:
JTJ = Z e2J,7(0,)7:(6,) (51)

>

=1

(1 — l) ET: <€tJt (©)Ji—1(0)ér—1 + ét—lJtT_z(éi)Jt(éi)ét>
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where the lag length ¢ is set to be 30 days for daily estimates of risk aversion. Then, the

variance-covariance of estimates is
Var(©;) = (J'J) ! (J’fJ) (J')~ L (52)

D Robustness Test - Alternative Data Frequency and Sample
Period

In our main empirical analysis, we examine the daily estimate of risk aversion and its response
to the perceived drift and other controls. Considering the persistence of the daily estimates
and a potential bias in regression coefficients, we test the robustness of the findings using
weekly estimates. For each security, we replace the dependent variable in equation (29) with
the weekly estimates of expected risk aversion and estimate the model using the nonlinear
least squares as in the main analysis. The results in Table D1 show that the estimates of
recency bias derived from weekly data are quantitatively very similar to those obtained from
daily data. Moreover, the security-specific risk aversion’s empirical link to the perceived
return distribution, average, and volatility is consistent with the model prediction.

Next, we use an alternative sample period for the stock-market estimation. Our baseline
estimate utilizes the full sample of S&P 500 index options from January 1997 to June 2024.
In this alternative estimation, we instead use a matched sample aligned with the availability
of Bitcoin options, beginning in January 2017. The results in Table D2 show that the recency
bias parameter estimated from this matched sample is quantitatively very similar to the

estimate from the full sample.

52



Table D1: Estimation of Recency Bias Parameter using Weekly Data

Bitcoin Equity
Parameters
VB 0.020***
(17.555)
Vg 0.007***
(35.536)
Regression Coefficients
IB.t 3.584**
(7.832)
OBt —8.674*
(-6.573)
ISt 46.899***
(8.217)
oSt —48.338***
(-4.154)
AIP 1.180** —0.313
(2.062) (-0.267)
APCE —1.107"* -0.737
(-2.678) (-0.953)
NFCI -1.554 2.442
(-1.031) (1080)
ACPI 1.362 -4.504
(0.380) (-0.552)
Networkpg -0.092
(-0.060)
Attentionpg 1.021
(1.218)
N 158 1,073
adj-R? 0.749 0.585

The table presents the recency bias parameter estimates for Bitcoin and the stock market by regressing
security-specific expected risk aversion R; ¢(1;) on the perceived expected return p; ;(v;) and controls.
Controls include the security’s conditional volatility (o;,), growth in industrial production (AIP),
consumption growth (APCE), Chicago Fed National Financial Condition Index (NFCI), and inflation
(ACPI). For Bitcoin, the network factor (Networkp) and attention indicator (Attentiong) are included
as additional controls. Parentheses report t-statistics based on standard errors estimated with the
Newey—West correction for serial correlation. *, ** and *** denote statistical significance at the 10%,
5%, and 1% levels, respectively.
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Table D2: Estimation of Recency Bias Parameter in Stock Market Using Matched

Sample

Full Sample

Matched Sample

Parameter
Vs 0.008*** 0.009***
(54.834) (44.359)
Regression Coeflicients
St 48.734*** 62.278***
(13.018) (7.360)
o —54.560*** —70.304***
(-6.688) (-2.938)
AIP 0.254 0.714
(0.217) (-0.504)
APCE -1.227 —1.907*
(-1.510) (-1.926)
NFCI 2.910** -0.270
(1.982) (-0.056)
ACPI -2.450 6.712
(-0.468) (1.090)
N 5,739 1,467
adj-R? 0.594 0.673

The table presents the recency bias parameter estimates for the stock market by regressing security-
specific expected risk aversion ﬁs,t(Vs) on the perceived expected return pg.(vg) and controls. The
first column shows the estimation result using the full sample of S&P 500 index options from January
1997 to June 2024. The second column reports the results using a matched sample aligned with the
availability of Bitcoin options, beginning in January 2017. Controls include the security’s conditional
volatility (o), growth in industrial production (AIP), consumption growth (APCE), Chicago Fed
National Financial Condition Index (NFCI), and inflation (ACPI). Parentheses report t-statistics
based on standard errors estimated with the Newey—West correction for serial correlation. *, **, and
*** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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