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Applying a well-established neuroscience framework to the issue of investor perception of volatility, we
propose that after prolonged exposure to high volatility, investors tend to underestimate volatility due to
adaptation to the high volatility, and vice versa. Using a combination of field and laboratory tests, we find
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1. Introduction

Risk plays a fundamental role in almost all areas of finance, and
a growing strand of finance research aims to understand how in-
vestors perceive risk and how well this perception lines up with
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objective measures of risk.! Following the lead of these studies,
researchers have recently examined investor perception of risk
through the lens of “efficient coding theory”, the neuroscientific
framework commonly used to study how the brain records infor-
mation about the external world.> The basic idea is that the brain
is designed to communicate information in a way that economizes
on its limited resources (the finite number of neurons, each with a
finite number of spike outputs). While efficient coding is optimal
overall, it leads to some predictable errors in perception. 3

In this paper we focus on the perceptual errors caused by an
aspect of efficient coding known as “adaptive normalization”: the
perception of a stimulus depends not on its absolute intensity,
but rather on its intensity relative to the recent past and neigh-
bouring stimuli. As a result, perception is sensitive to contrasts or
deviations from the mean (Glimcher, 2014), giving rise to “after-
effects”, in which prolonged exposure to a given stimulus level sys-

1 For example, Weber et al. (2013), Huber et al. (2019), and Huber et al. (2021),
among others (more in “Related Literature”).

2 For example, Barlow (1972), Laughlin (1981), and Glimcher (2014).

3 For example, efficient coding leads the brain to perceive tail events as less ex-
treme than they actually are, possibly resulting in neglect of financial risk (Payzan-
LeNestour and Woodford, 2022).
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tematically creates the illusion of an opposite stimulus. For exam-
ple, after prolonged viewing of the downward flow of a water-
fall, static rocks to the side appear to ooze upward (Barlow and
Hill, 1963). After-effects have been observed for the perception of
many other stimulus properties, from colour (Hurvich and Jame-
son, 1957) to abstract properties such as the perceived numerosity
of dots in patches (Burr and Ross, 2008), the perception of eco-
nomic value (Khaw et al., 2017), and the perception of corporate
earnings (Hartzmark and Shue, 2018). Applied to investor percep-
tion of volatility, the basic idea is that after prolonged exposure
to very high volatility, investors may perceive neutral (“medium”)
volatility levels as lower than actual, and vice versa—the percep-
tion of medium volatility may be biased upward after prolonged
exposure to very low volatility levels.

To test this idea, Payzan-LeNestour et al. (2016) asked partici-
pants in a laboratory experiment to rate the volatility of a medium
volatility (0.1) asset displayed on screen after prolonged exposure
to very high volatility (VH = 0.45) in half the trials, and very low
volatility (VL = 0.02) in the other half. Participant ratings were on
average lower after exposure to VH (“post-high”) than after expo-
sure to VL (“post-low”), consistent with the idea that their percep-
tion of volatility was biased by the after-effect.

In this study, we turn to a combination of laboratory experi-
ments and field data to study the pervasiveness and characteris-
tics of the volatility after-effect. We test for asset price distortions
caused by the after-effect. We reason that the existence of such
distortions would show that the after-effect affects the volatility
perception of the marginal trader, beyond the average individual
in the laboratory. The methodology used in the study is best de-
scribed as a “loop process” whereby we start in the lab, then turn
to the field to check the external validity of the lab results, and ul-
timately return to the lab to better understand features of the field
evidence. This approach illustrates the complementarity of labora-
tory and field data (List, 2007).

Our empirical tests use the Market Volatility Index (VIX), which
embeds investor forecasts of future volatility. When making their
forecasts, investors use current and past realized volatility as they
perceive it. If their perception of volatility is systematically biased
by the after-effect, VIX will be distorted in specific ways, which
we describe in Sections 2.1 and 2.2. Those predicted distortions
are the focus of our empirical tests in Section 2.3. Our tests isolate
the change in VIX that can be attributed to the after-effect specif-
ically. We control for a number of potential confounds, including
changes in fundamentals (proxied by market returns), changes in
the variance risk premium (using lags of realized volatility, as per
Baele et al. 2019), and microstructure effects.

We find a significant impact of the after-effect on the VIX. The
effect presents itself consistently through an extensive set of ro-
bustness tests (which we report in Section 2.6). Strikingly, the
magnitude of the distortions of VIX created by the after-effect is
approximately the same as the impact of a 1% change in the S&P
500 index (the strongest predictor of changes in VIX).

To distinguish the after-effect from other explanations, we ex-
ploit two distinctive properties of the after-effect: its magnitude
increases both with stimulus strength and with stimulus duration
(e.g., Magnussen and Johnsen, 1986; Hershenson, 1989; Leopold
et al, 2005). Therefore, if the VIX distortions found in our em-
pirical tests are truly caused by the after-effect, the distortions
should be maximal for regimes featuring extreme VH and VL lev-
els, and nil for regimes in which the VH and VL levels do not de-
part markedly from the medium state. Moreover, the VIX distor-
tions should also increase with regime duration (the exposure time
to VH or VL levels). Our data support both predictions, while many
alternative explanations are inconsistent with these features.

To address the most plausible remaining alternative explana-
tions, in Section 2.5 we consider several kinds of expectation biases
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that have received solid empirical support in prior work, such as
adaptive expectations,* anchoring, the gambler’s fallacy,” and ne-
glected risks.® We also account for investor learning about higher-
order statistics, investor reactions to changes in jump risk, non-
linear changes in the variance risk premium, the possibility of
short-term reversals in VIX, and Bayesian learning in a two-state
regime switching model. We show that none of these explanations
can predict the observed VIX distortions.

We further document that the VIX distortions attributable to
the after-effect are asymmetric, mainly occurring following high
volatility (“post-high”). One wonders whether this is chiefly due to
the small number of very low “VL” volatility regimes in our data,
which may have prevented us from identifying the after-effect fol-
lowing low volatility (“post-low”). Alternatively, the latter may be
absent for equity volatility, due to VL levels around 7%, which is
the mean VL value in our data, not being “very low” to the brain
(it may fall in the medium category).

Therefore, in Section 3 of the paper, we return to the lab to
answer this question of asymmetry. Our laboratory investigations
allow us to study what the after-effect post-low may look like in
markets with lower VL levels relative to those in the equity mar-
kets. In the bond market for example, it is typical to observe VL
values around 4%, for treasury and investment-grade bonds in par-
ticular. To provide insights into these questions, we re-analyse the
data from Payzan-LeNestour et al. (2016)’s study (henceforth, “the
original condition”) to separately measure the after-effect post-
high and the after-effect post-low. We also re-run their labora-
tory experiment using parameter values for VL and VH that bet-
ter reflect equity volatility (VL = 0.07; VH = 0.4), and exploit
data available from a companion study (Payzan-LeNestour et al.,
2021) in which the same experiment was run, this time with val-
ues for VL and VH that are more representative of the bond market
(VL = 0.04; VH = 0.25-0.30). Pooling these data together gives us
a stylized representation of the financial markets (henceforth, “the
field condition”).

The main findings are that the after-effect presents itself con-
sistently across conditions, both post-high and post-low, with a
stronger effect post-high. We also provide evidence that the after-
effect post-low may be muted—possibly absent—for equity but sig-
nificant for other kinds of assets.

The practical relevance of these findings is that they imply
traders make systematic errors in assessing and responding to
volatility following periods in which they adapt or become accus-
tomed to a very low or very high level of volatility. We show that
these perceptual errors result in inefficiencies in market prices of
traded financial instruments such as equity options. A follow-up
study shows that the inefficiencies are sufficiently large such that a
trader that is aware of them can profitably exploit them by trading
against the distortions in prices (Payzan-LeNestour et al., 2022).

1.1. Related literature

The VIX distortions caused by the after-effect add to the list of
market “anomalies” documented in prior behavioural finance stud-
ies.” Also related to the current study, recent research shows how
the stimulus to which a trader is exposed can systematically affect
their decision making. For example, Borsboom et al. (2021) show

4 For example, Malmendier and Nagel (2011), Greenwood and Shleifer (2014),
Barberis et al. (2015).

5 For example, Tversky and Kahneman (1971, 1974), Gilovich et al. (1985), and
Chen et al. (2016).

6 For example, Gennaioli et al. (2012, 2015), Goetzmann et al. (2016), and
Gennaioli and Shleifer (2018).

7 See, among others, De Long et al. (1990), Lee et al. (1991), Shleifer and
Vishny (1997), Froot and Dabora (1999), Barberis and Shleifer (2002),
Mitchel et al. (2002), and Lamont and Thaler (2003).
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in controlled experiments that displaying financial market price
charts at short horizons can lead to overtrading.

Closest to the present study, a growing body of work in psy-
chology and experimental finance aims to measure risk perception
separately from attitude towards perceived risk (“risk attitude”),
following the lead of landmark psychology studies,® and in contrast
to many risk-taking studies in which the two dimensions are con-
founded, resulting in lack of stability and poor predictive validity of
behavioural experiments on risk taking (an issue well emphasized
by Mata et al. 2018, amongst others). Decomposing risk taking into
its two components has proved insightful in many respects. For ex-
ample, evidence suggests that the documented domain specificity
of risk taking arises from differences in perceived risk across do-
mains, while risk attitude would be a stable strait (Weber and Mil-
liman, 1997; Weber, 1998). Weber et al. (2013) provide evidence
that risk taking changed after the Global Financial Crisis due to
changes in risk perception, while risk attitude appeared to be sta-
ble around that period. Most recently, Huber et al. (2021) show
that the recent COVID-19 shock decreased the level of perceived
risk in investors, consistent with the idea of adaptive normalization
proposed in this study. Weber et al. (2002) show that differences
in perceived risk, rather than differences in risk attitude, explain
gender differences in risk taking. Laudenbach et al. (2022) pro-
vide evidence that limited stock market participation arises from
biased perceptions of downside risk. There is also ample evidence
that the variance of a financial product is not a key determinant
of investor risk perception relative to other aspects such as skew-
ness and loss probability (e.g., Weber and Hsee, 1988; Klos et al.,
2005, Unser, 2000; Huber et al., 2019; Holzmeister et al., 2020;
Zeisberger, 2022). Contrary to these studies, the current study does
not ask how the average investor operationalizes risk. Rather, we
ask how those who need to properly perceive volatility for their
decision-making (e.g., professional traders) assess it. In light of the
foregoing studies, we caution against extrapolating the current in-
sights into volatility perception to the topic of risk perception in
a broad sense, since “risk” is a multidimensional variable with dif-
ferent meanings for different actors.

2. Field study
2.1. Identifying volatility regimes that may induce after-effects

To test for biased volatility perception in the field, we use
data on the S&P 500 index and VIX index values for the pe-
riod January 2, 1996 to December 31, 2020 (the VIX measures
implied volatility in the S&P 500 index).° Denote the log S&P
500 index value by p. A daily interval [t —1, t] consists of N
tick-by-tick observations {tg,ty,...ty}. We first compute the real-
ized variance at the optimal sampling frequency K'* as RV? | =

N-K

% > [p(ti+,<)—p(t,-)]2. Realized volatility for the daily inter-
i=0

val [t—1, t] is computed by taking the square root of RVtZ_M

and annualizing using a year of 252 business days: RV;_;; =

thzfl,t

and realized volatility for the daily interval [t — 1, t] with a single

x 252. To simplify notation, we refer to realized variance

8 For example, Sitkin and Weingart (1995), Weber and Milliman (1997), and
Slovic (1997).

9 The sample starts in 1996 as that is the first year available in the Refinitiv (for-
merly Thomson Reuters) dataset that we use for market data and the sample end
reflects the latest available data at the time of analysis.

10 The optimal sampling frequency depends on the degree of trading activity,
among other factors, which changes substantially through time from the start to
the end of our 18-year sample. We therefore use three different sampling frequen-
cies (ten, five and three minutes) in three different time periods, increasing the
frequency in line with trading activity.
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time subscript corresponding to the end of the daily interval, RVt2
and RV; (t indexes business days).

To identify volatility regimes in our data, we must first identify
very high, very low, and neutral volatility states. We use the ap-
proximate normality of the log realized volatility to create volatil-
ity bins.!" We compute the mean and standard deviation of the
distribution of the daily log realized volatility, during a rolling
three-month (63 business days) window. We then define a very
high (VH) volatility level as one that is more than x standard de-
viations above the mean, and a very low (VL) volatility level as
one that is more than x standard deviations below the mean. A
medium or neutral volatility level (M) is one that falls within y
standard deviations of the mean.!?

We then create volatility regime indicator variables defined
over a four-day period. The choice of four days is motivated
by empirical tradeoffs between sufficient statistical power and
the need to minimize effects from market microstructure.”® In
Section 2.3 we show that the after-effect is stronger for a longer
volatility regime. VolReg; takes the value of 1 if we observe very
high volatility levels in the three preceding days (“high volatil-
ity state”) and a neutral volatility level on day t (zero otherwise).
VolReg; takes the value —1 if we observe very low volatility levels
in the three preceding days (“low volatility state”) and a neutral
volatility level on day t (zero otherwise). We also define a com-
bined measure VolReg; = VolReg; + VolReg, that is +1 following a
transition from very high to neural volatility and —1 following a
transition from very low to neural volatility:

VolReg* +1if {LnRV;_3, LnRV; 5, LnRV;_1, LnRV;} = {VH, VH,VH, M}
olReg' =
& 0 otherwise
VolRee- —1if {LnRV,_3, LnRV,_3, LnRV;_q,LnRV;} = {VL, VL, VL, M}
olReg; = .
& 0 otherwise

+1if {LnRV;_3, LnRV,_,, LnRV,_;,LnRV,} = {VH, VH,VH, M}
—1if {LnRV;_3, LnRV,_,, LnRV;_y,LnRV;} = {VL, VL, VL, M}
0 otherwise

VolReg: =

(1)

where LnRV; is log realized volatility on day t.!* The identification
of volatility states (very high, very low, and neutral) and regimes
(transitions from prolonged very high or very low volatility to neu-
tral volatility) is illustrated in Fig. 1.

This figure illustrates how volatility regimes are defined. A
very-high-to-neutral transition (VolReg} = 1) occurs when realized
volatility is very high (greater than x standard deviations above
the mean) for at least three consecutive days and then neutral
(within y standard deviations from the mean) the next day. Sim-
ilarly, a very-low-to-neutral transition (VolReg; = —1) occurs when

" An additional reason for working with log realized volatility is that its volatility
shows little persistence (Corsi et al., 2008).

12 We choose to use symmetrical intervals because the distribution is approx-
imately symmetrical (see the Internet Appendix). We use five buckets to avoid
threshold effects happening when volatility has been in the highest or lowest
bucket and a small change brings it into the adjacent middle bucket. Setting x =y
collapses the five buckets into three adjacent ones. Our results are robust to differ-
ent choices of the look-back window (see Internet Appendix).

13 Specifically, if we extended the length of volatility regimes to weeks or months
to capture longer-horizon after-effects, we would have too few observations to
have powerful tests. Conversely, if we go into intra-day horizons to capture higher-
frequency after-effects, we run into a range of potentially confounding effects from
market microstructure (bid-ask bounce and so forth).

14 Note that volatility regimes (VolReg: = +1) can involve very high or very low
realized volatility that persists for more than three days before transitioning to the
neutral level. Below we investigate the impact of the length of the stimuli on effect
size.
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Fig. 1. Method used to identify the volatility regimes.

realized volatility is very low (more than x standard deviations be-
low the mean) for at least three consecutive days and then neutral
(within y standard deviations from the mean) the next day.

The higher we set x and the lower we set y the larger the dif-
ferences between the stimulus in the adaptation phase (the very
high or very low volatility) and the neutral volatility in the tran-
sition phase and therefore the stronger the expected after-effect.
The downside of setting a very high x and low y is that we have
fewer transitions in the data—fewer opportunities to test for an
after-effect.!”

After removing the first three months of the sample used in the
rolling window that determines high/low/neutral levels, we are left
with 6195 daily observations. When x = y = 1, there are about 200
volatility regimes (transitions from very high or very low volatility
states to the neutral state) over the whole sample 1996-2020.'6
The fairly small number of observations works against us finding a
significant result and is therefore a conservative feature of our em-
pirical tests. Fig. 2 illustrates the temporal distribution of volatil-
ity regimes for x =y = 1. Regimes occur regularly throughout the
sample with some evidence of clustering, for example, during the
second semester of 2009.

The horizontal axis measures time from the start of our sample
(April 3, 1996) until the end (December 31, 2020). Vertical lines
to +1 indicate very-high-to-neutral transitions in realized volatil-
ity (VolReg = +1) and vertical lines to —1 indicate very-low-to-
neutral transitions (VolReg; = —1).

Table 1 Panel A reports the number of regimes for a range of
x and y between 1.00 and 1.75 standard deviations. Table 1 Panel
B reports the average absolute difference between the log realized
volatility in neutral states and the log realized volatility in very-
high and very-low states for volatility regimes. The absolute differ-

15 In our empirical tests we balance these competing considerations. In doing so,
we discard choices of x and y that do not yield a sufficiently large number of
regimes (from a statistical viewpoint). We show that our results are robust to dif-
ferent choices of x and y and in fact we exploit different combinations of x and y
to test how the strength of the after-effect varies with the strength of the stimulus.

16 The relatively low number of regime change is not surprising: our regime indi-
cator is defined over four days and we have 6,195 days in the sample. So we have
a maximum of 1,549 non-zero values. To get a non-zero value, realized volatility
has to stay in the tail of the distribution for three days in a row before jumping.
This is an unlikely path (albeit it is possible given the persistent nature of realized
volatility and the presence of jumps).

ence in volatility levels increases with the threshold that defines
an extreme volatility level (x) and it decreases with the threshold
that defines a neutral volatility level (y). The average jump from
either a very high or very low volatility state to a neutral volatility
state is 0.42 in log terms (about 40% in realized volatility terms).

2.2. Structural model for empirical tests

According to the theory, an after-effect occurs when transition-
ing from a prolonged very low or very high volatility level to a
neutral volatility level (neither high nor low). To test the theory,
we investigate the change in perceived volatility during these tran-
sitions. We extract the changes in perceived volatility from the VIX,
a model-free measure of volatility expectations, using a structural
model set out below. In the baseline version of this model, with-
out loss of generality, we assume rational expectations (assuming
adaptive expectations instead strengthens our main conclusions,
more on this below).

The structural model begins by expressing VIX squared (which
is the price of a synthetic variance swap)'’ as the sum of expected
realized variance and a variance risk premium (like in Carr and Wu
2006 and Bollerslev et al. 2009):
VIX? = Be[RVZ,,,] + VRP, 2)
where E; is the expectation under the statistical probability mea-
sure and VRP; is the variance risk premium.'®

17 VIX is quoted as an annualized standard deviation (volatility), so VIX squared
is annualized variance. VIX squared corresponds to variance over the following 30
calendar days, which for expositional ease, we denote as 22 business days to avoid
introducing a second measure of time.

18 Carr and Wu (2006) find that VIX is on average around five percentage points
higher than realized volatility as a result of the variance risk premium. The variance
risk premium implies that investors require compensation for bearing variance risk
(a position that incurs losses when variance is unexpectedly high, e.g., the short
side of a variance swap). Equivalently, investors are willing to pay a positive pre-
mium (accept a negative expected return) to hedge variance risk with a contract
that has a positive (negative) payoff when volatility is unexpectedly high (low). See
the Internet Appendix for more details. As noted by Carr and Wu (2006), VIX is
a discretized approximation of the variance. The approximation is exact in the ab-
sence of jumps in the underlying. When the underlying index exhibits jumps, the
approximation error is negligible (Carr and Wu, 2009; Jiang and Tian, 2007).
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Fig. 2. Distribution of the regime changes in realized volatility through time.
Table 1

Number and strength of volatility regimes for different threshold values
Panel A reports the number of realized volatility “regimes” (very-high-to-neutral (VolReg/ = 1) in the columns to the left and very-low-to-

neutral (VolReg;

—1) in the columns to the right) for different threshold values. Panel B reports the average absolute difference between

the log realized volatility in neutral states and the log realized volatility in very-high and very-low states for volatility regimes. Columns
report different values of the threshold that defines very high and very low volatility states (volatility that is greater than x standard
deviation from the mean). Rows report different values of the threshold that defines the neutral volatility state (volatility that is within y

standard deviations from the mean).

Very-high-to-neutral regimes (VolReg! = 1) Very-low-to-neutral regimes (VolReg;, = —1)
Panel A: Number of regimes

X X
y 1.00 1.25 1.50 1.75 1.00 1.25 1.50 175
1.00 105 52 25 10 135 60 23 5
1.25 78 44 24 84 30 7
1.50 59 35 42 8
1.75 40 15
Panel B: Volatility differences between extreme and neutral states

X X
y 1.00 125 1.50 175 1.00 1.25 150 175
1.00 0.37 0.40 0.44 0.50 0.29 0.32 0.36 0.45
1.25 0.36 0.40 0.42 0.28 0.31 0.39
1.50 0.37 0.38 0.25 0.37
1.75 0.36 0.30

By differencing (2), we obtain: Taking first differences gives:
2 2 2
AVIX; = VIX; = VIX;4 ARV2 . = ARV} — PE.VolReg; — PE.VolReg,
2 2
=E [er¢+22] B [th—l,t+21:| + AVRP. 3)

Daily changes in expected future volatility are driven by
changes in daily realized volatility. We demonstrate this in the In-
ternet Appendix, but the intuition is simply as follows. Forecasts of
future volatility are based on current and past realized volatility.
So, as we move from one day to the next, agents adjust their fore-
casts of future volatility using the new information that they have,
which is that day’s realized volatility. Therefore, (3) becomes:

AVIX? ~ B, ARV? + AVRP.. (4)

If agents’ perceptions of volatility are distorted due to after-
effects by a perception error, PE, then we have the following (using
subscript 7 for perceived volatility):

RV? — PE, after a prolonged period of high volatility

RVf” RV? + PE, after a prolonged period of low volatility

RVZ, otherwise.
RV? — PE VolReg — PE.VolReg,
= RV? — PE.VolReg;

ARVZ , = ARV} — PE.VolReg; (6)
Allowing for perception error in (4) by replacing the change in
realized volatility with the perceived change in volatility (6), we
get:
AVIX? ~ Bp ARV? — BpPE.VolReg — BpPE.VolReg, + AVRP.

(7)

At daily frequencies, changes in the variance risk premium are
negligible. As Merton (1980) and Bollerslev et al. (2011) highlight,
the variance risk premium is slow-moving, highly persistent and
varies with the business cycle, rather than day to day. Therefore,
the equation above shows that daily changes in VIX are primar-
ily driven by daily changes in realized volatility, as well as a dis-
tortion due to errors in volatility perception. After-effects theory
predicts that those distortions occur at specific times following the
volatility regimes captured by the VolReg; variable or its compo-
nents, VolReg! and VolReg, . Therefore, if VolReg; explains changes
in VIX after controlling for other factors such as changes in realized

AVIX? ~ By ARV? — BpPE.VolReg; + AVRP;.
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Table 2
VIX distortions induced by the volatility after-effect
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This table reports coefficient estimates from Regressions (8-11) where the dependant variable is the daily change in log VIX. Negative values of the coefficient of
VolReg; or VolReg; (the indicator variables for high-to-neural and low-to-neutral volatility regimes) in Columns (1-4 and 7) are consistent with VIX distortions
caused by the volatility after-effect phenomenon. Negative values of the coefficients of VolReg; x; (Column (5)), VolReg, .x; (Column (8)), VolReg, .z (Column
(6)), and VolReg; .z; (Column (9)) are consistent with a positive relationship between respectively stimulus strength and after-effect magnitude, and stimulus
duration and after-effect magnitude. x; is a measure of how extreme (in terms of number of standard deviations from the mean) realized volatility has been
on average during the adaptation phase. z; is the duration of the adaptation phase, measured by the number of days the phase lasts, minus three. The other
coefficients are the coefficients of the control variables: ALnRV; and ALnRV;_; are daily log realized volatility and its lag. r; is the market return during day t
and r; = min(r¢, 0). ALnVIX,_; is the lagged daily change in log VIX. All the regressions use the threshold parameters x = 1.75 and y = 1.50 except for Columns
(5-6 and 8-9) which uses threshold parameters x = 1.00 and y = 1.00 (because they test the effects of stimulus strength and duration from a weak to strong
level). t-statistics (in parenthesis) are calculated with heteroskedasticity robust standard deviations. ***, **, and * denote coefficients significant at the 1%, 5%,

and 10% level respectively.

(MALWVIX,  (2)ALWVIX,  (3)ALnVIX,  (4)ALVIX,  (B)ALnVIX,  (6)ALnVIX,  (7)ALaVIX,  (8)ALnVIX,  (9)ALnVIX;
VolRegt* —3.844*** —2.806*** —2.765%** —2.628*** —0.743 —1.568***
(-3.10) (-2.82) (—2.85) (-2.72) (-0.82) (-2.64)
VolReg! .x; —2.352%*
(~2.00)
Xt -0.123
(~0.90)
VolReg! .z —0.658**
(~2.02)
VolReg, —0.645 -0.253 —0.298
(~0.97) (~0.27) (~0.45)
VolReg, X -2.718
(~1.34)
Xt -0.307**
(=2.33)
VolReg; .z —0.436
(~0.79)
ALnRV; 0.075*** 0.030*** 0.040*** 0.043*** 0.042+** 0.043*** 0.044*** 0.044*** 0.044***
(19.38) (11.42) (11.69) (12.01) (11.61) (11.89) (12.15) (12.14) (12.36)
ALnRV;_4 0.017*** 0.020%** 0.020%** 0.020%** 0.021*** 0.027*** 0.027***
(5.42) (6.17) (5.96) (6.03) (6.27) (6.20) (6.33)
T —3.514*** —3.420*** —3.429*** —3.404*** —3.407*** —3.449*** —3.426*** —3.446***
(~18.76) (~18.38) (~18.62) (-18.71) (~18.73) (~18.85) (~18.69) (~18.82)
o 1.016%** 1.024**+ 0.965*** 1.001*** 0.994*** 0.934*** 0.980*** 0.9471***
(3.21) (3.27) (3.10) (3.25) (3.21) (3.02) (3.18) (3.04)
ALnVIX;_q —0.116%** —0.115*** —0.115%** —0.116%** —0.115*** —0.114*** —0.115***
(-4.72) (~4.66) (~4.68) (-4.71) (~4.65) (~4.62) (~4.67)
Day of The Week FE YES YES YES YES YES YES
R? 9.09% 55.41% 56.61% 57.71% 57.86% 57.85% 57.64% 57.69% 57.64%
Observations 6195 6195 6195 6195 6195 6192 6195 6195 6192

volatility, there is evidence of perceptual errors that are consistent
with after-effects.

The structural model above implies that the presence of
after-effects in volatility perceptions can be identified by testing
whether VolReg/ or VolReg, explain changes in VIX. In our empir-
ical tests, we use a log specification of (7) for consistency with the
definition of the variables VolReg! and VolReg; ." The log specifi-
cation is not pivotal for our results and in robustness tests we find
similar results, in some cases even stronger, under alternative spec-
ifications including specifications that are not in logs. The bench-
mark form of our regression is thus :2°

ALnVIX; = a + B VolReg + B, VolReg; +y ALnRV; +&;.  (8)

The main coefficients of interest are B; and B,: if volatility
after-effects distort VIX as described by our structural model, 8,
and B, should be significantly negative.

2.3. Results measuring the impact of a volatility regime on VIX

Table 2 Column (1) reports estimates from the baseline Regres-
sion (8) starting with the tests of very-high-to-neutral volatility

19 We multiply the log difference by 100 to make it consistent with the definition
of S&P 500 returns.

20 In logging the series, the squares become linear terms, with the factor of two
being absorbed into the corresponding coefficients and regression intercept.

transitions. The impact of VolReg! on changes in VIX has a neg-
ative sign, which is consistent with the presence of volatility after-
effects following very high volatility, and it is statistically signifi-
cant. The economic impact of VolReg/ is large: a transition from a
very high volatility state to neutral volatility changes VIX by about
3.8%.

Note that our benchmark regression assumes the AVRPE
term in (7) is negligible following Merton (1980) and
Bollerslev et al. (2011). To ensure that such neglect of AVRPE is
not pivotal for our findings, we augment the baseline Regression
(8) with variables that control for AVRP.. We control for the
first lag of changes in realized volatility (the results are robust
to adding more lags), in line with Baele et al. (2019), whose
findings suggest that volatility is the main predictor of varia-
tions in the variance risk premium. We also include the market
return during the transition period (r;) as a further proxy for
changes in the variance risk premium, as well as negative market
returns (r; = min(r¢,0)) to account for possible leverage effects.
To account for any possible auto-correlation of changes in VIX,
we include the first lag of changes in VIX. This first lag accounts
for any short-term reversals in VIX, like the short-term reversals
often seen in equity returns due to illiquidity. Finally, we include
dummy variables for the “day-of-the-week effect” in VIX.2! The

21 Fleming et al. (1995) provide evidence of intra-week seasonality in VIX, with
one explanation being that the weekend creates a different level of implied volatil-
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regression with the complete set of control variables is thus:
ALnVIX; = a + By VolReg,+ + B2 VolReg; + yo ALnRV; + y1 ALnRV;_,

5
+8 1 +8 17+ p1 ALnVIXi 1 + ) 0Dy + &1, (9)
i=2
where {Dj};_5345 are dummy variables for Tuesday to Friday
(Monday is base case).

The regressions with the full set of control variables are also
reported in Table 2, as Columns (2-4). The coefficients of the key
variable, VolReg, is not overly affected by the additional control
variables and remains remarkably stable across all regressions.

Turning to very-low-to-neutral volatility transitions and going
straight to models with the control variables, Table 2 Column (7)
shows that the impact of VolReg; on changes in VIX also has a
negative sign, which is consistent with the presence of volatility
after-effects following very low volatility, but the magnitude of this
effect is smaller and is not statistically significant. We explore this
asymmetry in the after-effect in the laboratory tests later in the
paper to better understand its cause.

In the Internet Appendix (section A.7), we report results that
show strong evidence of after-effects (across all our key empiri-
cal tests) when using the combined measure, VolReg; instead of
VolReg! and VolReg; .

In the foregoing regressions we use threshold parameter x =
1.75 and y = 1.50 (recall x determines the volatility level during
the adaptation phase and y determines the volatility level in the
neutral state). This parameter choice for x and y is to ensure both
a sufficiently large difference between the volatility states and a
sufficiently large number of regimes. Importantly, our results are
robust to using different parameter choices for x and y. Table 3
reports the estimated coefficients and significance of VolReg and
VolReg; in Regression (9) for different values of both parameters.
In all cases the estimated coefficient of VolReg; is negative and sta-
tistically significant as per the previous regression results, whereas
VolReg; is negative throughout but only significant in one case.??
The largest coefficient of VolReg; is 4.315 and the smallest is 2.483,
which implies that the impact of the after-effect on VIX following
high volatility is similar in magnitude to the impact of a 1% change
in S&P 500.

Our baseline results so far measure the VIX distortion in a
one-day period following the volatility transition from very high
or very low. We also test whether the VIX distortions persist be-
yond the day that the after-effect is triggered. To do this, we time
shift the left-hand side of Regression (9) so that the impact on
VIX is measured at time t + 1 rather than time t. We find that
about one-third (approximately 33%) of the distortion attributable
to after-effects following high volatility is reversed the following
day.2® Thus, a substantial fraction of the effect wears off within
day, but some of the distortion persists beyond one day. The ten-
dency for the after-effect to wear off is consistent with prior stud-
ies and the fact that the after-effect is a temporary perceptual dis-
tortion while the brain adapts to the new level of the stimulus. In
a practical sense, it implies the asset price distortions are short-
lived. Despite being temporary, a follow-up paper shows that they
are sufficiently long-lived that they present profitable arbitrage op-
portunities (Payzan-LeNestour et al., 2022).

ity on Friday compared to other weekdays. We account for his effect by controlling
for the day of the week.

22 The coefficients of the control variables are virtually unchanged for the different
values of x and y.

23 These additional results are reported in the Internet Appendix Table A.20. The
coefficient of VolReg decreases in magnitude from —2.628 in Table 2 to —1.770
when the left-hand side variable is time shifted, implying a one-third reversal of
the effect within one day.
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Table 3

Strength of the volatility after-effect for different volatility thresholds

This table reports coefficients for the VolReg/ (Panel A) and VolReg; (Panel B)
variables, which measure very-high-to-neutral and very-low-to-neutral volatil-
ity transitions, respectively. The coefficient estimates are obtained from Regres-
sion (9). Columns report different values of the threshold that defines very high
and very low volatility states (volatility that is greater than x standard deviation
from the mean). Rows report different values of the threshold that defines the
neutral volatility state (volatility that is within y standard deviations from the
mean). t-statistics (in parenthesis) are calculated with heteroskedasticity-robust
standard errors. ***, **, and * denote coefficients significant at the 1%, 5%, and
10% level respectively.

X

y 1.00 125 1.50 175
Panel A: Transitions from VH to M
1.00 —2.493%*x —3.203*** —4.315%** —2.953**,
(—5.34) (—4.88) (-3.90) (-2.23)
1.25 . —2.920%** —4.122%%* —3.413***
(—5.03) (=5.51) (—4.04)
1.50 . . —2.483*** —2.628%**
(—2.68) (=2.72)
1.75 . . . —2.990%**
(-3.40)
Panel B: Transitions from VL to M
1.00 -0.268 -0.536 -1.615*
(-0.82) (-1.03) (-1.67)
1.25 . -0.419 -1.173
(-1.00) (-1.49)
1.50 . . —0.645
(-0.97)
1.75 . . . —0.699
(-0.91)

We also examine whether the strength of the after-effect fol-
lowing high volatility is diminished when the adaptation phase
of the volatility regime spans a weekend. We do this by adding
an interaction of the VolReg/ variable with a dummy variable for
whether the adaptation phase spans a weekend. We find that
after-effects are about 18% stronger if the adaptation phase does
not include a weekend.?* Therefore, our main results that in-
clude volatility regimes that have weekends in the adaptation
phase, tend to understate the magnitudes of after-effects that
arise following three continuous days of high or low volatility
exposure.

2.4. After-effect magnitude as a function of regime strength and
regime duration

To further put our theory to the test, we exploit the fact that
it makes two very specific predictions: (i) the more extreme the
volatility during the adaptation period (the time spent in a very
high or very low volatility state), the stronger the neuronal adap-
tation and hence the larger the after-effect in the neutral state;
and (ii) the longer the adaptation period, the stronger the neuronal
adaptation and hence the larger the after-effect. Our data support
both predictions.

We find that the more extreme the volatility levels during the
three days preceding a transition to neutral volatility, the larger
the coefficient on the VolReg; variable and the larger the distor-
tion in VIX (we focus on the transitions from high volatility be-
cause our baseline results show that is where a significant after-
effect is present). This result is apparent in Fig. 3, which displays
the coefficient of VolReg! as a function of the level of (log) real-

24 These additional results are reported in the Internet Appendix Table A.21. The
coefficient of VolReg; increases in magnitude from —2.628 in Table 2 to —3.102
when the regime does not include a weekend, implying a 18% increase in the after-
effect strength.
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Fig. 3. Stimulus strength and magnitude of the volatility after-effect.

ized volatility in the adaptation phase. The size of the after-effect
steadily increases with the average level of realized volatility in the
adaptation phase, as predicted by the theory.

This figure plots the coefficient of VolReg; (vertical axis) in Re-
gression (9) for different values of x. Negative values of the coeffi-
cient of VolReg; are consistent with a perceptual bias due to after-
effects. Panel A is a plot of the coefficient estimates (strength of
the after-effect) and 95% confidence intervals, for the different val-
ues of x, the threshold that defines very high and very low volatil-
ity states (horizontal axis).

The estimates in Fig. 3 allow for non-linearity in the relation
between the strength of the volatility in the adaptation phase and
the strength of the resulting after-effect. As an alternative way to
assess the relationship between stimulus strength and after-effect
magnitude, we augment our baseline Regression (9) with an in-
teraction VolReg;' X, where x; measures how extreme (in terms of
number of standard deviations from the mean) realized volatility
has been on average during the past three-day adaptation phase.
We also control for the level of x; as a standalone term:

ALnVIX; = o + B1VolReg + B, VolReg x; + B3x: + yo ALnRV;

5
+y1 ALNRV; 1 + 8 1+ 87 17 + p1 ALnVIXc 1 + Y 6iDi¢ + &t
i=2
(10)

Table 2 Column (5) reports the results from Regression (10).
The main coefficient of interest, B,, is significantly negative, in-
dicating a statistically significant positive relation between stimu-
lus strength and after-effect magnitude as predicted by theory. The
implied marginal effects from this linear specification are similar
to those of the non-linear tests reported in Fig. 3. For example, at
a value of x; = 2 the estimated after-effect following high volatil-
ity according to Regression (10) is —5.447, while at x; = 3 the esti-
mated after-effect is —7.799 and these values are similar to those
in Fig. 3.

To test prediction (ii), we modify VolReg/ so that the adaptation
period spans three, four, or five days.2> The after-effect increases
with the number of days in the adaptation window, as the theory
predicts. This finding is illustrated in Fig. 4, which plots the co-
efficient on VolReg! for different length adaptation windows. The

25 In the Internet Appendix, we document that there are fewer “transitions” us-
ing a three-day adaptation window than a two-day window and even fewer when
using longer windows (as one would expect). The absolute differences between the
volatility level in the very high | very low state compared to the neutral state are
almost identical when using the two-day and three-day adaptation windows.

absolute value of the estimated coefficient of the VolReg; variable
increases for longer adaptation phases, suggesting a stronger after-
effect for longer exposure to the volatility stimulus.

This figure plots the coefficient of VolReg! (vertical axis) in Re-
gression (9) for different values of the stimulus duration. Negative
values of the coefficient of VolReg; are consistent with a perceptual
bias due to after-effects. The figure plots the coefficient estimates
(strength of the after-effect) and 95% confidence intervals, for three
different values of the stimulus duration (the period of very high
volatility, horizontal axis).

Again, as an alternative way to test the relation between stimu-
lus duration and after-effect magnitude, we augment our baseline
Regression (9) with the interaction term VolReg;.z;, where z; is the
duration of the adaptation phase, measured by the number of days
the phase lasts, minus three. Recall that three days is the minimum
length for the adaptation phases in our tests and thus z; is zero for
regimes with three-day adaptation phases and increases by one for
every additional day of extreme volatility in the adaptation phase.

ALnVIX; = a + B1VolReg! + B, VolReg .zt + Yo ALnRV; +y; ALnRV,_,

5
+8 T+ 87 17+ p1 ALNVIX g + Y OD; + &
i=2

(11)

Table 2 Column (6) reports the results from Regression (11).26
The main coefficient of interest, 8,, is significantly negative, indi-
cating a statistically significant positive relation between stimulus
duration and after-effect magnitude as predicted by theory.

The results in this subsection strengthen the evidence for
volatility after-effect theory as the mechanism responsible for the
VIX distortions by showing that the data are consistent with two
very specific predictions made by the theory. Moreover, our finding
that the VIX distortions vanish as the length of the adaptation win-
dow shrinks shows that those distortions are not caused by jumps
in volatility per se. Only jumps that are preceded by prolonged ex-
posure to very high or very low volatility cause the effect, as pre-
dicted by volatility after-effect theory.

2.5. Testing competing explanations

In this subsection, we report further tests of competing expla-
nations for the results. These include adaptive expectations about

26 In Regression (11) we do not include z (the number of days in the adaptation
phase) separately because it can only be measured when the VolReg; variables not
equal to zero. Thus, if it was included as a stand-alone term, it would simply be
colinear with the interaction term.
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Fig. 4. Stimulus duration and magnitude of the volatility after-effect.

volatility changes, jump risk, non-linearity in the variance risk pre-
mium, and learning about kurtosis.

First, we consider the possibility that agents hold adap-
tive/extrapolative expectations about volatility changes, whereby
after seeing an increase (resp. decrease) in realized volatility, they
expect a further increase (resp. decrease). Adaptive expectations
prevail in many domains.?’ According to the adaptive expectations
hypothesis, immediately after transitioning from a high (resp. low)
volatility state to a neutral state, the agent expects volatility to fur-
ther decrease (resp. increase). Consequently, the agent revises his
expectation of 30-day future volatility downward (resp. upward),
causing a negative (resp. positive) change in VIX. Our finding that
B < 0 could reflect this, rather than the volatility after-effect phe-
nomenon predicted by volatility after-effect theory.

To tease apart the after-effect and adaptive-expectations-about-
volatility-changes theories, we construct a “placebo” test in which
we slightly modify our volatility regime indicator variable. The
modified indicator, which we denote as ModVolReg;, measures
jumps between adjacent volatility states after a period of stability
in volatility levels. That is, under the ModVolReg; measure, realized
volatility jumps from a prolonged state of neutral volatility to a
very high or very low volatility state:

Table 4

Placebo test

This table reports coefficient estimates for the modified measure of volatility
regimes, ModVolReg; (which measures transitions from the neutral volatility
state to very high and very low volatility states). The coefficient estimates are
obtained from Regression (9), replacing the VolReg; variables with ModVolReg;.
Unlike VolReg; (for which volatility after-effect theory predicts a negative co-
efficient), volatility after-effect theory does not predict a significant coefficient
for ModVolReg;. Columns report different values of the threshold that defines
very high and very low volatility states (volatility that is greater than x stan-
dard deviation from the mean). Rows report different values of the thresh-
old that defines the neutral volatility state (volatility that is within y stan-
dard deviations from the mean). t-statistics (in parenthesis) are calculated with
heteroskedasticity-robust standard errors. ***, **, and * denote coefficients sig-
nificant at the 1%, 5%, and 10% level respectively.

X

y 1.00 125 150 175
1.00 0.033 ~0.039 0.160 ~0.369
(0.09) (-0.10) (0.32) (~0.53)
1.25 . 0.240 0.411 -0.216
(0.91) (1.18) (—0.46)
1.50 . . 0.397 ~0.191
(1.38) (-0.52)
1.75 . . . ~0.184
(~0.60)

+1if {LnRV;_3, LnRV;_5, LnRV;_1,LnRV;} = {M, M, M, VH}

ModVolReg; =
0 otherwise

The jumps captured by the modified volatility regime variable
ModVolReg; do not cause an after-effect, however they do cause
the foregoing expectation bias, so the value of the estimated coef-
ficient of ModVolReg; in Regression (9) (replacing the VolReg; vari-
ables with ModVolReg; in the regression) is a test of the two the-
ories against one another: if volatility after-effect theory is correct,
the coefficient should not be significantly different from zero (to
reflect the absence of after-effect induced by the jumps captured
by ModVolReg;), whereas if our main findings are chiefly driven
by adaptive expectations about volatility changes, the coefficient
should be significantly different from zero.

Table 4 shows the data favour volatility after-effect theory
against the expectation bias hypothesis. There is no effect for tran-
sitions from a neutral state to a very high or very low volatility

27 See, e.g., Malmendier and Nagel (2011, 2016), Choi and Mertens (2019),
Greenwood and Shleifer (2014), Barberis et al. (2015), and Frydman and Nave
(2017).

—1if {LnRV;_3, LnRV,_3, LnRV,_1,LnRV;} ={M, M, M,VL} . (12)

state: the coefficient of the ModVolReg; variable is small and not
statistically significant.?8

By showing that it is not the occurrence of jumps in volatil-
ity per se that drives the bias in VIX that we document, but only
those jumps that induce an after-effect (namely, transitions from
prolonged extreme volatility to neutral volatility), the evidence in
Table 4 also rules out other plausible explanations that are based
on large jumps in volatility. For example, changes in the vari-
ance risk premium, which could be non-linear with respect to the
change in variance, or the possibility that large volatility jumps
lead agents to revise their beliefs about kurtosis, thereby impacting
options prices.

28 The average absolute difference between the log realized volatility in the neu-
tral state and the log realized volatility in the very high or very low states is about
the same for ModVolReg: regimes as it is for the VolReg; regimes so our statistical
power is similar in both tests.
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Table 5

Test of the Gambler’s Fallacy hypothesis

This table reports coefficient estimates for the variable NonVolReg;, which is
non-zero if the volatility stays in the very high or very low state (in contrast
to the VolReg; variables, which are non-zero after transitioning to the neutral
state). The coefficient estimates are obtained from Regression (9), replacing the
VolReg; variables with NonVolReg;. The Gambler’s Fallacy hypothesis predicts
significant negative coefficients for NonVolReg;. Columns report different length
in days of the stimulus window. Rows report different values of the threshold
that defines very high and very low volatility states (volatility that is greater
than x standard deviation from the mean). t-statistics (in parenthesis) are cal-
culated with heteroskedasticity-robust standard errors. ***, **, and * denote co-
efficients significant at the 1%, 5%, and 10% level respectively.

Length of stimulus window

X 2 days 3 days 4 days
1.00 -0.315* -0.295 -0.412
(-1.94) (-1.47) (-1.59)
1.25 -0.117 —-0.050 -0.035
(-0.53) (-0.17) (—0.09)
1.50 -0.289 -0.126 -0.303
(-0.98) (-0.29) (—0.48)
1.75 -0.228 -0.254 -0.136
(-0.52) (-0.37) (-0.13)

Next, we consider adaptive expectations about volatility levels,
anchoring, and the gambler’s fallacy. In the Internet Appendix A.6,
we formally show that our results are strengthened (the estimated
volatility after-effect is stronger) when assuming that agents have
adaptive expectations about volatility levels rather than rational
expectations. This is because the two phenomena (adaptive expec-
tations about volatility levels versus volatility after-effect) work as
antagonistic forces, distorting the VIX in opposite directions.

The same is true regarding the anchoring bias—making insuffi-
cient adjustments from the previous volatility level, which acts as a
kind of “anchor” or reference point. By causing perceived volatility
to be biased upward (downward) in the aftermath of a prolonged
state of high (low) volatility, the anchoring bias distorts the VIX in
the opposite direction to the after-effect. Therefore, by not incor-
porating the anchoring bias into our structural model, we underes-
timate the true extent of the VIX distortions that are caused by the
after-effect.

Finally, a well-documented behavioural bias that should be ac-
counted for is the gambler’s fallacy.?® Under the gambler’s fallacy,
expected volatility decreases (increases) toward the end of a pro-
longed state of high (low) volatility due to the belief that the run
must end. This is analogous to believing “heads” is more likely
on a coin toss after a run of “tails”. If this bias is present in our
data, VIX should systematically change during a period of persis-
tent extreme volatility and revert some of this change after a tran-
sition occurs. To test for this possibility, we define a new variable
(NonVolReg;) that, in contrast to the VolReg; variables, takes non-
zero values when realized volatility stays in the same very high or
very low state without transitioning to the neutral state. We vary
the duration of the stimulus window from two to four days. For a
four-day window, NonVolReg; is defined as:
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A further alternative explanation that we consider is neglected
risks and the availability heuristic. One prominent explanation of
financial crises, which is supported by strong empirical evidence,
is based on the idea of neglected risks and the availability heuris-
tic (Gennaioli et al., 2012; Goetzmann et al., 2016). One key insight
from that literature is that a prolonged period with no crashes
leads people to neglect crash risk because crash events that oc-
cur in the distant past are hard to recall from memory. Applied
to a regime-shifting setting, such a belief pattern suggests that in-
vestors underestimate the possibility of the low volatility state af-
ter prolonged exposure to high volatility (i.e., toward the end of a
high volatility episode), and the transition to the neutral volatil-
ity state reminds investors of the existence of the low volatility
state. Similarly, the transition to the neutral volatility state after
prolonged exposure to low volatility would remind investors of the
existence of the high volatility state. This “neglected-risks hypoth-
esis” is consistent with the aforementioned literature on neglected
risks and the regime-switching learning model of Veronesi (1999).

However, the VIX distortions predicted by the neglected-risks
hypothesis do not match those observed in our data in several
respects. First, our finding that the VIX distortions increase with
stimulus strength in the episodes of extreme volatility as pre-
dicted by volatility after-effect theory, is not predicted by the
neglected-risks hypothesis.>? Further, two direct implications of
the neglected-risks hypothesis are not supported in the data. The
first implication is that VIX is distorted upward toward the end
of high volatility episodes (when the agent neglects the possibil-
ity of the low volatility state) and downward toward the end of
low volatility episodes (when the agent neglects the possibility of
the high volatility state). This is at odds with the data: the re-
sults show there is no drift one way or another during high or low
volatility episodes. The second implication is that VIX is not dis-
torted during the transition phases. The distortions only occur af-
ter a prolonged episode of high or low volatility, as a consequence
of neglecting the opposite volatility state. The distortions should
vanish upon entering the transition phase because the transition
reminds the agent about the neglected state. That is, the temporal
pattern of the VIX distortions predicted by the neglected-risks hy-
pothesis does not match those observed in the data: we find that
the distortions occur during the transition phases but not during
the high or low volatility episodes.

2.6. Robustness tests

We conduct many robustness tests, which we report in the In-
ternet Appendix A.3. For instance, we augment our regressions to
include proxies for changes in the variance risk premium, over-
all market activity, overall market liquidity, microstructure effects,
changes in intermediary constraints, as well as several other po-
tential confounds (e.g., variables that measure the slope of the im-
plied volatility curve such as “contango”). Our results are robust to
the addition of all these extra control variables; the key coefficient
estimates barely change.

+1 if {LnRV;_3, LnRV;_,, LnRV;_1, LnRV;} = {VH, VH,VH,VH}

NonVolReg: = { —1 if {LnRV,_3, LnRV;_,, LnRV;_1,LnRV;} = {VL,

0 otherwise

Table 5 reports the coefficients of NonVolReg: when it replaces
the VolReg; variables in Regression (9). If the gambler’s fallacy bias
distorts VIX in our data, the coefficient of NonVolReg; would be sig-
nificantly negative. This is not the case in our data.

29 See, e.g., Tversky and Kahneman (1971, 1974), Gilovich et al. (1985), and
Chen et al. (2016).

VL, VL VL}

10

(13)

In other robustness tests, we check that our findings are ro-
bust to using alternative specifications for the regression (e.g., us-
ing VIX and realized volatility in levels rather than in logs). We re-

30 It is the fact that the agent has not experienced a given state for a while that
generates the neglect of that state; however, the volatility level that is experienced
is not a determinant of such neglect.
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calculate both the standard deviations of our regressions (replacing
robust standard deviations with Newey-West standard deviations)
and the volatility states (very high, very low, neutral) used to con-
struct our main regime variable (e.g., changing the window used to
compute the volatility of realized volatility, classifying the volatility
states using percentiles rather than fractions of standard deviations
of the realized volatility distribution, etc.). We also find that out-
liers do not drive the results (winsorizing the data strengthens the
results).

3. Laboratory experiments
3.1. Experimental design

As explained in the Introduction, we separately measure the
after-effect post-low volatility and post-high volatility in the exper-
imental setting proposed by Payzan-LeNestour et al. (2016), both in
the original condition (N = 56), in which VL was defined as 0.02,
and VH, 0.45, and the field condition (N = 132), in which VL and
VH are set to more realistic levels (VH = 0.25 in 1 session, 0.3 in
3 sessions, 0.4 in 1 session; VL = 0.04 in 4 sessions, 0.07 in 1 ses-
sion). The field condition pools together existing data from a com-
panion study (Payzan-LeNestour et al.,, 2021b) and data from one
extra experimental session specifically run for this study (N = 31).

Each experimental session is performed in accordance with rel-
evant guidelines and regulations. It is approved by the ethics panel
at the [institution]. Written consent is obtained from all partici-
pants. The participants are undergraduate students from [institu-
tion|] recruited through Orsee! (mean age 21.6 years, median 20;
42% male).

Each participant performs a total of 28 trials, 20 experimental, 3
diversion and 5 control trials, all randomly interleaved. In each ex-
perimental trial, the participant undergoes a 50 s “adaptation pe-
riod” that involves passively viewing a Brownian motion depict-
ing trajectories of a financial asset displayed as a moving line-plot
that is dynamically re-drawn on screen from right to left. A small
dot signals the start of the motion, which leaves a line as a visible
trace of the dot’s vertical movement over time. In half the experi-
mental trials, the asset volatility in the adaptation period is VH. In
the other half it is VL. During the test period, which immediately
follows each adaptation period, the participant views a medium
(0.1) volatility asset for 20 s and rates its perceived volatility on a
five-point scale using the mouse pointer to click the relevant but-
ton. The timeline of an experimental trial is provided in Fig. 5, and
a demo of the task can be found online.>?

The diversion trials consist of medium volatility followed by ei-
ther VL or VH in the test stimulus, and the control trials consist of
a medium-medium transition. The mean value of the asset is var-
ied across trials; the values used are 0, £0.1, £0.2, +0.3, £0.4 (in
randomized order).

Each experimental session is performed in a darkened room
on 21”7 HP L2105tm computer monitors with a resolution of
1920x1080 pixels, with a frame rate of 60 Hz. The experimental
programs are web applications custom coded in PHP.>3

Upon arrival at the lab, the participants are asked to read the
online task instructions and are encouraged to ask any clarifying
questions to the experimenter. To avert well-known decision bi-
ases related to the use of rating scales (e.g., participants using the

31 http://[www.orsee.org).

32 https://player.vimeo.com/video/124360127?title=0amp;byline=0&portrait=
0&color=c9ff23.

33 The code to program the experimental task, as well as the code to repli-
cate the analyses reported in the paper, and the experimental data used for
the study, can be downloaded athttps://www.dropbox.com/sh/iqe6fs8mvtkm95h/
AABOMCLhFXWxUccaHIhS-qXSa?dl=0

1

[m5G;October 11, 2022;16:29]

Journal of Banking and Finance xxx (XxXx) XXX

stimulus seen in the adaptation phase as a reference point to rate
the test stimulus), the task instructions begin by pinning down the
meaning of the volatility scale used in the task via exemplar stim-
uli that define the two extreme points on the scale (1: VL; 5: VH)
and the middle point (3: medium). Specifically, we show a 1 min
video of a VH | VL | medium volatility asset to explain what we
mean by “very high volatility” | “very low volatility” / “medium or
neutral volatility.”

Evidence suggests that participants use the examples seen dur-
ing the task instructions as reference points for their ratings, as
intended. They indeed correctly rate the test stimuli (VH = 5;
VL = 1) in the large majority (more than 85%) of the diversion tri-
als.

The participants are provided with high incentives to fully en-
gage in the task. Specifically, they are told in the task instructions
that the experimenters will monitor their focus and gaze on the
computer monitor throughout the task using a webcam installed
on top of the computer (visible to the participant). They are fur-
ther told that they will receive a fixed payment of $50 if they track
all the stimuli displayed on screen; otherwise they will only re-
ceive a $5 show-up reward (which is to be provided to all partici-
pants irrespective of their behaviour during the experiment, as per
the lab rules).*

Just before performing the task, the participants are re-
explained the distinctive nature of the task. The need to balance
high pace of reply while never replying randomly is particularly
emphasized by the experimenter. Participants are warned that af-
ter a few missed trials (which occur when the participant fails to
reply within the imparted time), the task will stop automatically.
The participants are also reminded that their behaviour will be
recorded by a webcam throughout the task and that they must
keep their focus and gaze on the monitor during the entire ex-
periment to get the $50 payment. Each experimental session takes
approximately 90 mins overall (the task itself takes 45 min). Based
on two real-time video inspectors, all participants comply with our
experimental requirements and are accordingly paid $50.

Exclusion criterion: One may find it advisable to discard the data
from four participants (one in the original condition, three in the
field condition) who reply inappropriately in the diversion trials
(VL rated three or above or VH rated three or below). The conclu-
sions of all the tests reported below hold whether these partici-
pants are included in the analysis or not.

3.2. Main findings from the laboratory

For each participant, the after-effect post-low is defined as the
difference between the mean reported volatility post-low (the re-
ported volatility averaged across the trials in which the participant
is exposed to VL in the adaptation phase) and the mean reported
volatility in the control trials. Likewise, the after-effect post-high
is quantified via the difference between the mean reported volatil-
ity in the control trials and the mean reported volatility post-high
(the reported volatility averaged across the trials in which the par-
ticipant is exposed to VH in the adaptation phase).

Table 6 reports descriptive statistics for the after-effect on a
participant level (see also Figures A.5 to A.8 in Section A.8 of the
Internet Appendix). Across participants, there are 47 missed trials,
leaving 4701 trials for the analysis. The after-effect post-low is nor-
mally distributed (when inspected by histogram, and we cannot re-
ject the null hypothesis in a Shapiro-Wilks test). The after-effect
post-high is not normally distributed in the field condition. The
tests reported below use the raw data for the after-effect, and we
check that the conclusions of all tests are unchanged after trans-

34 The task instructions can be found at http://instructionsna.weebly.com/.
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Fig. 5. Experimental design used in the laboratory experiment. Adaptation phase: Brownian motion with volatility level set at either VH (left) or VL (right) is displayed for
50 s. Test phase: participants report their perceived volatility of a medium (0.1) volatility Brownian motion using the mouse pointer. ITI: 30 s Inter Trial Interval.

Table 6
Descriptive statistics for the after-effect post-low and post-high volatility.
Condition N Mean  StdDev  Median  Min Max  Skew
Post-low Original 56 0.34 0.50 0.25 -0.62 1.62 0.43
Field 132 0.18 0.38 0.19 -1.00 1.30 —0.04
Post-high Original 56 0.44 0.45 0.38 -050 1.62 0381
Field 132 0.36 0.45 0.30 -0.83 2.88 133
Table 7 Table 9

One-sample two-tailed t-tests comparing the mean after-effect post-low to a
population mean of 0.

The test is estimated for the original and field conditions separately. Hy: the
after-effect post-low is null. Power to detect a medium (D = 0.5) effect size
for a 5% alpha level is 96% for the original condition and 100% for the field
condition.

Condition Original Field
Mean 0.34 0.18
t-statistic 5.04 5.34
p-value 0.000 0.000
P5 0.20 0.11
P95 0.47 0.24
Degrees of freedom 55 131
Cohen’s D 0.67 0.46
Table 8

Frequency table for a one-tailed Fisher’s exact test comparing the prevalence of
the after-effect across conditions

Ho: the proportion of participants with a positive after-effect is the same or
higher in the field condition. The test is run for the after-effect post-high and
post-low separately. Post-high: odds ratio = 1.612, p = 0.185; post-low: odds ra-
tio = 1.946, p = 0.037. Power to detect a medium effect size for a 5% alpha level
is 100%. For reference, one may use 1.22, 1.86, and 3.00 to define small, medium,
and large odds ratios in this test, following Oliver and Bell (2013).

Post-high Post-low
After-effect After-effect After-effect After-effect
<0 >0 <0 >0
Condition  Original 8 48 15 41
Field 28 104 55 77

forming the after-effect to reduce skew (we use a Box-Cox trans-
formation with A = 3).

We run one-sample two-tailed t-tests to assess the magnitude
of the after-effect and find a significant after-effect, both post-low

12

Two-sample one-tailed t-test comparing the after-effect post-low across condi-
tions

Hy: the after-effect post-low is higher or equal in the field condition than in the
original condition. For this test, power to detect a medium effect for a 5% alpha
level is 93%. We also report the minimum effect size (Cohen’s D) needed to find
a significant effect with pre-specified power and alpha, given our sample size
(“Sensitivity analysis of power”).

Mean Original 0.34
Mean Field 0.18
Mean difference —0.16
t-statistic -2.39
p-value 0.009
P5 -Infinity
P95 —-0.05
Degrees of freedom 186
Cohen’s D -0.36

Sensitivity analysis of power:

Alpha = 5% Alpha = 10%
Power = 80% 0.449 0.398
Power = 90% 0.520 0.468

and post-high, in each condition. Table 7 reports the findings for
the after-effect post-low.?”

The after-effect post-low appears to be weaker in the field con-
dition relative to that in the original condition, in terms of preva-
lence (Table 8) and magnitude (see Table 9; the results of a non-
parametric Wilcoxon Rank Sum test lead to the same conclusion:
W = 3024, p = 0.024).

Consistent with these results, we find that in a mixed-effects
model estimating the after-effect post-low, a dummy regressor to
compare the original condition (the reference) to the field condi-
tion is significantly negative (Table 10, Regression (1)). We further

35 The corresponding table for the after-effect post-high is omitted here in the
interest of space.
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Regression table for mixed-effects models estimating the after-effect

“Condition (Field)”: dummy to compare the original condition (reference) to the field con-
dition. “Volatility”: VL (0.02, 0.04, or 0.07) for the after-effect post-low, VH (0.25, 0.30,
0.40, 0.45) for the after-effect post-high. The models include by-participant intercepts. After-
effect is z-scored in all regressions and volatility is z-scored in regressions (2) and (4). ***,
** and * denote coefficients significant at p < 0.001, p < 0.01, and p < 0.05 respectively.

Post-low Post-high

(1) (2) (3) (4)
Intercept 0.16 (0.08) * 0.00 (0.04) 0.09 (0.08) 0.00 (0.05)
Condition (Field)  -0.23 (0.10) ** - -0.12 (0.10) -
Volatility - —-0.10 (0.04) ** - 0.07 (0.04)
R? 0.28 27 31 31
Observations 1687 1687 1691 1691

Table 11

Power for the main variables of interest in the regressions reported in Table 10
Power to detect a small and medium effect sizes for a 5% alpha level is presented as (small, medium). Power is estimated using 1000

simulated datasets with a pre-specified effect size (small: 8 = —0.20) for the condition/volatility variables.
Post-low Post-high
(1) (2) (3) (4)

Condition (Field)
Volatility -

(27%, 90%) -

(76%, 100%) -

(27%, 90%) -
(76%, 100%)

find that VL value is a predictor of the magnitude of the after-effect
post-low (Table 10, Regression (2)). In contrast, we do not find ev-
idence that the magnitude of the after-effect post-high is reduced
in the field condition (Table 10, Regression (3)) or sensitive to VH
value (Table 10, Regression (4)).

In summary, these findings suggest that the after-effect post-
low is present in the field condition, though it is weaker than
in the original condition—perhaps not surprisingly given the ex-
tremely low value of VL used in the original condition (recall that
VL = 0.02) and given that the effect appears to be sensitive to the
VL value. The after-effect post-high appears to be more robust in
our laboratory data, similar to the field evidence. However, we cau-
tion against concluding that its magnitude is not sensitive to the
level of VH; it could be sensitive to it, but the effect would be too
small for us to be able to detect it in our tests due to insufficient
sample size Table 11).36

In the final stage of analysis, we test whether the after-effect is
asymmetric. The results of a paired one-tailed t-test comparing the
mean after-effect post-high to the mean after-effect post-low on
a participant level suggest that the magnitude of the after-effect
is stronger post-high (Table 12). The results of a McNemar test
suggest that the prevalence of the after-effect is higher post-high
(Table 13).

We conclude from the collection of findings that the asymme-
try observed in the field is unlikely to come from the fact that
we do not have a sufficiently large number of VL regimes for eq-
uity volatility. Rather, the evidence suggests that the after-effect is
inherently stronger post-high, though it is nonetheless significant
post-low (both in the whole sample and the sample restricted to
the field condition), suggesting that both sides of the after-effect
might constitute an exploitable arbitrage opportunity (more in Dis-
cussion below).

36 Table 6 shows that if the effect for the main variables of interest in the regres-
sions (condition and volatility) turned out to be small, then the regressions reported
in Table 6 would be underpowered. This means that the absence of evidence that
the condition and volatility variables are significant predictors of the after-effect
post-high in Regressions ((3) and (4) should not be interpreted as evidence of ab-
sence of an effect. The effect could be too small for us to identify it here.

13

Table 12

Paired one-tailed t-test comparing the mean after-effect post-high to the mean
after-effect post-low at the participant level

The test is restricted to the participants in the field condition for whom the
after-effect is not negative both sides. This leaves 123 participants out of 132.
Power to detect a small and medium effect sizes for a 5% alpha level is 71%
and 100% respectively. We also report the minimum effect size needed to find
a significant effect with pre-specified power and alpha, given our sample size
for this test (“sensitivity analysis of power”).

Mean post-high 0.40
Mean post-low 0.20
Mean difference 0.20
t-statistic 3.36
p-value 0.000
P5 0.10
P95 Infinity
Degrees of freedom 122
Cohen’s D 0.30

Sensitivity analysis of power:

Alpha = 5% Alpha = 10%
Power = 80% 0.225 0.192
Power = 90% 0.265 0.231

4. Discussion

We find that the after-effect consistently affects volatility per-
ception in the laboratory and the field. The after-effect following
high volatility appears to distort asset prices in one of the most
actively traded markets in the world, which points to its pervasive-
ness. We further show that the after-effect following low volatil-
ity is present in the laboratory (not statistically significant in field
data), although not as strong as after-effects following high volatil-
ity.

The practical relevance of these findings is that they imply
traders make systematic errors in assessing and responding to
volatility following periods of very low or very high volatility lev-
els. A follow-up study shows that the after-effect post-high consti-
tutes an exploitable arbitrage opportunity, especially in the last ten
years (Payzan-LeNestour et al., 2022). Our laboratory findings point
to the after-effect post-low being likewise exploitable in markets
where volatility levels regularly fall to levels around 4% and below.
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Table 13

Frequency table used for a MacNemar test used to assess if the after-effect is
asymmetric

Ho. the probability of the after-effect post-low being negative and the after-
effect post-high being positive is equal or smaller than the probability of the
after-effect post-low being positive and the after-effect post-high being neg-
ative. x2(1) = 12.375, p < 0.001, OR = 1.714. Power to detect a small and
medium effect sizes for a 5% alpha level is 12% and 86% respectively. The ta-
ble also reports the minimum odds ratio needed to detect an effect for given
power and alpha, given our sample size for this test. The test uses the data
from the two conditions pooled together. The same test run on the field condi-
tion leads to the same conclusion (x?(1) = 10.4, p = 0.001, OR = 2.421) but it
is underpowered (power to detect a medium effect size for a 5% alpha level is
74%), so not reported here. Note: For reference, one may use 1.22, 1.86, and 3.00
to define small, medium, and large odds ratios in this test, following Oliver and
Bell (2013).

Post-high < 0 Post-high > 0
Post-low < 0 9 61
Post-low > 0 27 91
Sensitivity analysis of power:
Alpha = 5% Alpha = 10%
Power = 80% 1.78 1.65
Power = 90% 1.93 1.80

A natural question raised by the current findings is whether the
price distortions generated by the after-effect will decline subse-
quent to dissemination of this research, as is the case with other
stock market “anomalies” (e.g., McLean and Pontiff, 2016). Market
participants may be able to consciously correct their decisions to
account for the after-effect once they have been made aware of it.
Addressing this question will require revisiting the empirical anal-
ysis in the future once additional data have been generated.

Another question raised by our findings is whether we should
expect the price distortions caused by the after-effect to dimin-
ish through time with the increasing automation of trading. Based
on practitioner reports of the trading process and recent evidence
on manipulation of the VIX (Griffin and Shams, 2018), we believe
the answer is not necessarily. Although the process of trade exe-
cution and market maker quoting is largely automated, the trad-
ing decisions that ultimately determine price levels are still driven
by humans. This is true of many markets including the S&P500
options market that underpins the VIX. Automation has become
widespread in the mechanical aspects of trading, such as market
making algorithms that quote prices based on the prices of other
assets and the market maker’s inventory, trade execution algo-
rithms that take an order (from a human) and optimally slice it
up and execute it strategically to minimize costs, and arbitrage
algorithms that seek out and exploit relative mispricing. But in
contrast, humans continue to control tasks that involve judgement,
such as key trading decisions, forecasting future prices includ-
ing anticipating the actions of other traders, and gauging whether
price levels are correct. For example, in the S&P500 options mar-
ket, while algorithms ensure that options with different strikes and
maturities are correctly priced relative to one another, humans of-
ten trade based on their beliefs about future volatility and judge-
ments about whether the level of implied volatility is too high or
too low. These judgement tasks, which are susceptible to distor-
tions from perceptual errors such as the after-effect, are ultimately
what determine price levels.3”

The methodology used in the study is best described as a “loop
process” whereby we start in the lab, then turn to the field to
check the external validity of the lab results, and ultimately return

37 We thank a number of practitioners for providing insights about the trading
process (James Doran, Shuo Song, David Rabinowitz, and Christian Daher). Their
views consistently emphasized the important role of human decision making de-
spite automation of parts of the trading process.
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to the lab to better understand features of the field evidence. This
approach illustrates the complementarity of laboratory and field
data. The original lab experiment provides us with a solid prior
regarding the existence and direction of the effect investigated in
the field. However, the laboratory findings present inherent lim-
its related to external validity.® Moreover, by nature they cannot
speak to the pervasiveness of the effect. The field data are crucial
in both regards—to strengthen the evidence of the existence of the
effect and to study its pervasiveness. They also allow us to identify
a feature of the effect that is not implied by after-effect theory per
se, namely, its asymmetry.

However, the field data present their own set of limits as well,
which relate to the fact that there are many confounding factors
in the field. Although we show that the patterns of VIX distortions
created by the after-effect run in the opposite direction to what
one might consider the most standard deviations from rational ex-
pectations, namely anchoring effects, adaptive expectations about
volatility levels, and neglected risks, one cannot rule out that other
factors contribute to the VIX distortions that we document. The
evidence gathered from field data alone is thus inherently limited.
This explains why it is crucial that the field study starts with a
strong prior hypothesis that is grounded both in theory and from
gathering laboratory evidence in a first step.

Moreover, the field data are ambiguous regarding an asymme-
try that we find in the effects (whether it is real or simply reflects
limited power). By offering the advantage of controlled experimen-
tation, the lab can be used to address this kind of question, as we
propose in the final stage of this study. Lab and field data are thus
highly complementary (List, 2007). We hope the current study will
inspire more experimental finance studies conducted in the same
vein.
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