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Abstract

In this paper, I build a trading volume model that explicitly considers the impact of ambi-
guity surrounding public information announcements. I derive a closed form expression that
illustrates how ambiguity influences trading volume through two channels: expectations and
volatility. The empirical results highlight the significant role played by the expectations
channel of ambiguity in driving trading activity. Specifically, on a monthly basis, I observe
that a one-standard-deviation increase in ambiguity results in approximately a 20% increase
in trading volume. Additionally, by employing this model, I demonstrate that a substantial
portion of the positive returns of a standard US Turnover sorted portfolio, approximately
70% of the returns, traditionally attributed to Liquidity, are actually driven by information
ambiguity.
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1 Introduction

What generates the large trading volume activity observed in markets is a long standing question
in the finance literature. While rational expectations models have been widely employed, they
encounter limitations when attempting to explain trading activity solely based on public informa-
tion (Banerjee & Kremer, 2010; Milgrom & Stokey, 1982). These models require the inclusion of
an external process, such as private information, liquidity shocks, or the consideration of hetero-
geneous prior information to generate trading activity. However, these mechanisms often come
with restrictions or rely on external processes, making it challenging to explain the large trading
volumes observed in markets(Glaser & Weber, 2007; Hirshleifer, 2001). One modeling approach
that potentially can generate larger differences and swings in expectations to account for trading
volume is ambiguity (Knightian Uncertainty).

In this paper, I study the effect of ambiguity on trading volume. I propose a trading volume
model that explicitly incorporates ambiguity about public information announcements. To develop
this model, I introduce agents with ambiguous preferences into the difference in prior beliefs model
of Kandel and Pearson (1995). These ambiguous preferences induce heterogeneous interpretations
of public information by affecting expectations, and through this heterogeneity the expectations
channel of ambiguity generates trading activity. The volatility channel of ambiguity plays a
role in amplifying or smoothing the main price channel of trading volume and the differences in
expectations. I derive three testable hypotheses. My first hypothesis H1 postulates that on average
ambiguity positively influences trading volume. My second hypothesis H2 is that ambiguity affects
the conventional positive relationship between price volatility and trading volume by reducing the
elasticity of trading volume to price volatility. Lastly, my third hypothesis H3 proposes that
trading activity linked to ambiguity significantly contributes to the returns of turnover sorted
portfolios, returns typically attributed to liquidity in the literature.

I bring my model to equity data and show that on average a one-standard-deviation increase in
daily Ambiguity translates approximately in a 13%-standard-deviation increase in trading volume
after controlling for price movements and differences in prior beliefs. On a monthly basis, I
find that a one-standard-deviation in Ambiguity translates approximately in a 20%-standard-
deviation increase in trading volume. I also find that Ambiguity distorts the on average positive

elasticity between trading volume and price volatility, weakening this channel. A one-standard-



deviation increase in price change volatility times daily Ambiguity translates in a -9%-standard-
deviation decrease in trading volume, rather than an increase. I also empirically find that since
1990 approximately 70% of the positive returns of a US long-short Turnover sorted portfolio are
associated to trading volume driven by Ambiguity. The literature traditionally associates these
returns to Liquidity.

Trading volume is a relevant market measure that is widely used for purposes such as measuring
liquidity (Chordia et al., 2001), understanding information transmission or the structure of markets
(Karpoff, 1986) among other uses. Despite its variety of practical uses, it is still an open puzzle
what are the drivers behind the large trading volume observed in most markets and its relation to
market liquidity. Cochrane (Cochrane, 2016) noted that ”volume is the great unsolved problem
of financial economics”, Shleifer (2000) ranked the volume puzzle among the top 20 issues of
behavioural finance, and De Bondt and Thaler (1995) mentioned that volume ”is perhaps the
single most embarrassing fact to the standard finance paradigms”.

There are several empirical studies that have documented the on average high levels of trading
volume in markets. Barber and Odean (2000) report that between 1991 to 1996 the average US
household had a portfolio turnover of around 75%, while the top active quantile of retail investors
showed annual turnover rates of 250%. Dorn and Huberman (2005) report average turnover rates
of around 100% among German retail investors, Barber et al. (2009) report turnover rates of up
to 300% in Taiwan, and Gao (2002) reports turnover rates of 500% in China. According to the
literature, such levels of trading activity can not be explained by rational expectations models
(Dorn & Sengmueller, 2009). Using a rational expectations model calibrated on Nasdaq data, Sen
(2002) obtained an average holding period of 98 months for stocks, a much longer period than the
real Nasdaq average holding period of 5.1 months.

In relation to the practical use of trading volume as a proxy for liquidity (Abdi & Ranaldo,
2017; Avramov & Chordia, 2006; Becker-Blease & Paul, 2006; Eckbo & Norli, 2005; Illeditsch,
2011; Lee, 1993; Rouwenhorst, 1999), there are several empirical studies that have found results
inconsistent with the finance literature (Bekaert et al., 2007; Chordia et al., 2001). One of the most
famous is the study of Chordia et al. (2001), who found a puzzling negative correlation between
stock returns and variability of trading volume. According to the asset pricing literature, for assets
with higher liquidity risk one would have expected higher returns. Bekaert et al. (2007) found that

across 19 emerging stock markets a return based measures of liquidity was priced, while turnover



was not priced. These inconsistencies have cast doubts on the suitability of volume based measures
of liquidity (Barinov, 2014; Gabrielsen et al., 2011; Johnson, 2008; Le & Gregoriou, 2020; Lee &
Swaminathan, 2000), and have open the question of whether trading volume might be capturing
some other factor(s)?.

With this model I show that the expectations channel of ambiguity plays an important role
in the generation of trading activity and that a large portion of a standard US Turnover portfolio
returns usually associated to liquidity are actually driven by information ambiguity. This research
will contribute to the growing literature on the effects of Ambiguity on markets and informa-
tion transmission through prices (Condie & Ganguli, 2017; Easley & O'HARA, 2010; Epstein &
Schneider, 2010; Mele & Sangiorgi, 2015; Ozsoylev & Werner, 2011). In relation to previous trad-
ing volume models or closed form equations that explicitly incorporate Ambiguity about public
information, to the best of my knowledge there are two previously existing works. The model
of Caskey (2009) about the ambiguous perception of public information and the partially related
model of Hsiao (2019) about the ambiguous perception of others’ beliefs. Both models exploit
the volatility contribution of Ambiguity to generate trading activity, while my model uses the ex-
pectations channel of Ambiguity. The introduction of this expectations channel in a closed form
equation for trading volume and the empirical results showing its statistical significance are the
main contributions of this paper.

The rest of the paper is organized as follows. Section-2 describes the theoretical model. Section-
3 summarizes the data used in the empirical estimations. Section-4 presents the main empirical
results regarding the proposed trading volume, Ambiguity and price change relation. Section-5
presents the empirical results regarding the effects of Ambiguity on the trading volume to price
volatility elasticity. Section-?? presents an empirical application of the model that dissects the

returns of a standard US Turnover sorted Portfolio. Finally, section 7 presents my conclusions.

2 Model

The model is based on a setup similar to Kandel and Pearson (1995). The setup is composed
of two competitive markets, each with two investor types selecting optimal portfolios based on
their own prior beliefs. The key feature of the model is that type-A investors interpret public

information ambiguously. The proportion of these ambiguity-averse (or ambiguity-loving) type-A



investors operating in both risk-less and risky asset markets is denoted by 7, while the proportion
of type-B ambiguity-neutral investors is represented by 1 — 7.

Both investor types receive a public signal denoted as S, which contains information about the
unknown payoff X. The type-A investors prone to ambiguity-averse (or ambiguity loving) behav-
ior, interprets this signal S in an uncertain manner, considering various mental representations or
models. After observing the public signal S, both investor types update their beliefs and adjust
their portfolios accordingly.

The model dynamics consist of three time periods. In period 1, both investor types construct
their initial portfolios based on their individual prior beliefs. In period 2, both investor types
observe the public signal S, which provides information about the unknown payoff X of the risky
asset. Armed with this new information, all investor types update their beliefs and adjust their
portfolios accordingly. This portfolio adjustment leads to trading volume from period (1) to period
(2). Finally, in the last period (3), the risky-asset payoff is realized. For the sake of simplicity in
this setup (Kandel & Pearson, 1995), investors, when building their portfolios at time (1), do not

expect a second opportunity or reason to trade in the future.

2.1 Ambiguity Neutral Investors (Type-B)

The type-B investors utility function is denoted by U®? (QtB), where 65 represents this investor
type allocation in the risky asset during period (t). W (67) represents the final wealth level for
type-B investors at period 3. This final wealth level W(QtB ) depends on its initial wealth w? at
period (t) and the risky asset allocation §F determined during the same period. In period 1, this
investor type maximizes its expected final utility based on his prior beliefs. Moving to period 2,
they update their beliefs about the distribution of the risky-asset payoff and adjusts its portfolio
accordingly. Finally, in period 3, the risky asset pays off.

This investor type has a standard CARA utility function with absolute risk aversion given by

~ and maximizes the following expected utility.

EB[—e‘W*W(eth it =11
(2.1)
EB [—e — = W(oF) ‘S] it =12



The final wealth W (HtB ) of this investor type at period 3 is given by the expression below.
W(6F) = wf + 07« (X - P,) (2.2)

In period 1, this investor type initially believes that the risky-asset payoft X follows a normal
distribution with parameters N (u%, 03%) and precision p%§ = 1/0%”. However, upon observing
the unexpected signal S, this investor type updates its beliefs. They perceive the signal as biased,

containing information about both the risky-payoff amount X and a measurement bias or error

€. This investor type believes that the measurement error distributes /N (uf, o?B ) with precision
pB = 1/02B. The total error term of the signal is € which according to this investor type is

composed of just a measurement error and has precision pZ.

S=X+¢ (2.3)

A type-B investor with bullish prior beliefs or a positive interpretation of public information
would assume that the measurement bias mean ;2 is negative. Conversely, a type-B investor with
bearish prior beliefs would believe that the signal has a positive bias p?, misleadingly indicating

an expectation above the true expected value of X.

2.2 Ambiguity Averse/Loving Investors (Type-A)

The ambiguity-averse/loving A investor type is characterized by a utility function denoted as
U4 (9{‘), with 64 representing their risky asset allocation decided during period (t). W, (9{*‘)
represents this investor type final wealth level at period 3 based on his allocation at (t). Initially,
in the first period, this investor type expected utility looks similar to that of a CARA agent
(ambiguity-neutral), as the source of ambiguity arises in period 2 after observing the signal S.
In this second period 2, after incorporating the information from signal S, this investor type
maximizes their expected utility by considering the ambiguity surrounding signal S according to

their Smooth Ambiguity Utility function.

EA[—f‘V*”T”>} it =t1

) . (2.4)
Eﬁ{—(—EAPf_V*W@J‘&Ad ) ﬁ} it 1= t2



The parameters v and v, are the risk aversion and the ambiguity aversion coefficients of the
utility function, and W(Gf‘) represents the final wealth of this investor type given his risky asset

allocation 64 at (t).
W (0) = wit + 0/ « (5{' . Pt) (2.5)

The investor type-A maximizes at time 2 his expected utilities obtained after evaluating his
terminal wealth under n-different models M™ by selecting the optimal asset mixture. In this
function, the first expectation operator addresses the traditional risk concept associated with the
payoff X , while the second expectation handles the ambiguity surrounding S, by evaluating the
terminal wealth under different M models. In this particular setup, each model M represents a
specific way of interpreting the public information.

Regarding this investor type beliefs about the risky-asset payoff X , they initially assume a

normal distribution with parameters N (u4, 0%*) and precision p§ = 1 /0% . Additionally, they

believe that the signal S is subject to a measurement bias or error € that distributes N (pg, 024)
and has precision pA = 1 /0?4 .

Despite these prior beliefs, this investor type is not completely certain about the appropriate
model for interpreting the signal S. This ambiguity is represented by different models M € M™,
each characterized by a model-dependent signal component 5. This ¢ distributes across M™
according to the normal distribution N (,ug‘, O’?A). Similarly to the previous investor type, a
bullish investor who tends to interpret information positively would perceive the mean bias g+ 2
of the signal as negative, causing the signal S to misleadingly appear below the true expected value
of X.

In summary, the investor type-A believes that the signal S consists of three components: the

risky payoff X information, an ambiguous model-dependent component g, and a measurement

error €. The total error term of the signal is denoted as £ and has precision p# according to



investor type-A.

+E=S5+¢& (2.6)

2.3 Market Equilibrium in Period 1

In the initial period 1, each investor type seeks to maximize their expected final utility at period
3 based on their own prior beliefs.

The type-B ambiguity neutral investors maximize the following expected utility at period 1.

max E5[U5(05)] = max _ov*(wh + 68x (BF[X]-Pa)) + jx1?+63F +VARP[X] (2.7)

B
atl t1

The type-B investors optimal allocation in the risky asset at period 1 is given by the expression

08 below.

The ambiguity-averse/loving type-A investors maximize at period 1 the following expected

utility.

max E4[U4(04)] = m%X_e—’Y*<thl + 0fx (BA[X]=Pa)) + $+v*+03{+VARA[X] (2.8)

A
etl t1

The type-A investors optimal investment in the risky asset at period 1 is determined by the

ol
expression #,{* below.

The aggregate demands of both investor types will converge in the risky asset market, estab-
lishing a market clearing price in equilibrium.The type-B ambiguity neutral investors aggregate

demand is (1 — ) x #5, while the type-A investors aggregate demand is 7 * 7. In equilibrium the



0-net-supply risky-asset market clears according to the following equation.
(1—7) %05 + 701 =0 (2.9)

The price P;; represents the equilibrium price at which the risky asset market clears in period

1 and is given by the following expression.

Py=—2 2.10
n= (2.10)

The resulting equilibrium allocation at period 1 for both ambiguity-averse/loving type-A and

ambiguity neutral type-B investors is given by the expressions # and 65 below.

_ T pk R pR (R — k)

05 o (2.11)
ga _ (L= ) px * p% + (px — pf)
i Yok Px

2.4 Arrival of Public Information and Update of Beliefs at Period 2

At the beginning of period 2, public information arrives through the signal S, which is visible
to both investor types. Although both types of investors receive the same raw information, their
interpretations differ due to their prior heterogeneous beliefs and the ambiguity faced by type-A
investors.

The type-B ambiguity neutral investors believe that the signal S they are receiving follows this
functional form S = X +¢. Based on this, they update their beliefs about the mean and volatility

of the future risky asset payoff X , constructing the posterior beliefs £ [)N( ‘S] and VAR® [)Z S} :

These posterior beliefs are derived from normal conditional distributions.

PR pf + pE x (S — pb)
pX + pE

fod [)?’S] — (2.12)



VARP[X[S] = (5 +p8)”"

The type-A ambiguity averse/lover investors believe that the signal S comprises the risky-payoff
X information, an ambiguous model-dependent component § and a measurement bias or error €.
S = X + 4 +¢ Based on this assumption, this investor type consistently updates his beliefs
about the mean and volatility of the future risky-asset payoff X , constructing the conditional
M model-dependent posterior beliefs F4 X ’S, M } and VAR [)Af ‘S, M }, and the unconditional
posterior beliefs £4 [X' ‘S] and VAR” [)~( S]. These posterior beliefs are also based on normal

conditional distributions.

pi x s + pg * (S — pgt — pd)
Py + pg

BA [}? ‘S} - (2.13)

Vard[X|9) = [p% + o]

EA[)?‘S,M} _ p§<*u§‘<+p§;* ((S —0) — put)
px + pd
A, Pt
~ 1 Ps * —5x
Vard[X|S, M] = — — Px

py  p3t—pit

2.5 Market Equilibrium in Period 2

After integrating the information from signal S into their beliefs, both investor types update their
portfolio compositions. The ambiguity neutral type-B investors update their risky asset allocations

05 following the expected utility maximization below.

H;%X _6—7*<wt32 + 0B« (EB [)~(|S]—Pt2 )) + %*yz*esz*VARB [)?|S] (214)
2

The resulting optimal risky asset allocation of the type-B investors is given by the following

expression.
g5 _ EPIXIS] — Po
2 4%« VARP[X|S]

pRoxpf +pPx (S —pl ) — Pox (p§ + pP)
v

B _
012 =

The ambiguity averse/loving type-A investors update their portfolios according to their Smooth



Ambiguity utility functions, employing various M models to assess the information from signal
S. This investor type optimizes their portfolios according to the maximization of the following

expected utility.

. ~ AT Q. ATy
maz wfy + 0+ (BARIS] = Po) = Loy 03« VARAX|S] 5 |14+ (5, — 1)+ (AR XISM) ) |
(2.15)

t2

The optimal risky asset allocation 9,{5‘ of the type-A investors is given by the following expres-

sion.
QA _ EA[‘)/Z|S] _‘Pﬂ
& W*Varf“[)aS] * pA
g _ PXF R+ pg * (S — i = 1i5!) — P (px + p2)
2 ~ % A
where
ATv1al Ary
1 o1y (VARAIKIS VAR (XS, M]
VARA[X|S]
Vart[X|S] — Var?[X|S, M) B Py * p3
VarA[X|S] (05 * P2+ 2% py * pA + pi * pit) * (px + pd) * (p2 + pg)

At the end of period 2, after both investor types have optimized their portfolios based on the
new information from S, their risky asset demands will come together in the market, establishing
a market clearing price in equilibrium. The aggregate demand of the ambiguity neutral type-
B investors is denoted by (1 — ) x 03, and the demand of the ambiguity-averse/loving type-A
investors is denoted by « 9{5‘ The 0-net-supply risky-asset market clears at time 2 according to

the following equation.

(1—7a) %05 +max02 =0 (2.16)
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The market clearing price at time 2, price P, is given by the expression below.

_ _ _ e
fix + pex S — fic — — % pi * g
Py = v (2.17)
pPx + pe

T
fix = 3 px s i o+ (1= ) 5 px s iy

™
fie = —5 % pg i+ (L= )5 pd o p?

px = 5k px (L= m) %

™

pe =% pg+ (1 —m)%pg

The expressions jix and fi. represent population and precision-weighted averages of both in-
vestor types prior beliefs about the risky asset payoff X , and the signal measurement errors,
respectively. ,ug‘ in the numerator represents the mean bias effect of the ambiguity expectations
channel on the price P;. On the other hand, px and pg denote population-weighted averages of
the two investor types prior belief precisions regarding the risky asset payoff X and the signal S

total error.

2.6 Trading Volume Expression

In this section, I present the main results of this work: the relationship between trading volume,
ambiguity and price changes. I will begin by introducing a simplified model version 1, which omits
differences in prior beliefs and the influence of the price channel on trading volume. Following
that, I will delve into a model version 2 that incorporates the price channel of trading volume.
Finally, I will conclude with a full model version 3, which encompasses ambiguity, differences in
prior beliefs and the impact of the price channel on trading volume.

Regarding the ambiguity mechanism driving trading volume in this model, put plainly, when
signal S conveys fresh information, it spurs investors to trade the risky asset in order to align
their portfolios with their updated beliefs. Despite both investor types receiving identical signals,
ambiguity introduces heterogeneity, giving rise to distinct posterior beliefs about the risky asset’s
payoff (X). This heterogeneity, induced by ambiguity, is the driving force behind this trading
activity.

To derive the closed form trading volume model presented below, I utilize the change in

11



allocation of the risky asset for one investor type, multiplied by the proportion of these investors
in the economy. In this market with a net supply of zero, the buying activity of one investor type

corresponds to the selling activity of the other, and vice versa.

[(1—7) « AGF| = |7 = Ag)3 (2.18)
where
AG™ =0l — o

Ina _ pIna _ plna
AO =03 0,4

Based on these symmetrical trading volume expressions, I arrive at the model below. Addi-
tional details provided in the Appendix-B.
Version 1: Only ambiguity channel

Market Trading Volume V5; from period 1 to period 2, only ambiguity channel present while price

channel and heterogeneous prior beliefs switched off.

Va1 = |ay| (2.19)
where
1—7) % 5 % pA % pB
ay = [LLZm)* g pe % pe o
Y * pe
Fy

In this simplified model version, trading volume is directly linked to the bias effect of uj,
originating from the influence of the expectations channel of ambiguity on the posterior beliefs
held by type-A investors. This effect is further modulated by the factor Fj. It is worth highlighting
that both the numerator and denominator of F} encompass the inverse of the coefficient 4 and the
precision term p# from type-A investors. The value of v* is determined by the level of ambiguity
aversion 7,, and similarly, both the precision term p# and v depend on the ambiguity volatility
024,

As illustrated in the top panel of figure-1 below, the factor F; exhibits a decreasing trend

as ambiguity aversion -, increases. It reaches its minimum value of zero for type-A investors

characterized by extreme ambiguity aversion 7, approaching infinity, and conversely, it attains

12



a maximum positive value for those investors who favor ambiguity with ~, values close to 0.
The intuition here is that as ambiguity aversion grows, type-A investors tend to avoid risky
assets, regardless of signal-related expectations, including those associated with ambiguity. In
this simplified scenario, since both types of investors shared the same prior beliefs at time 1,
they did not take any positions in the risky asset. Consequently, at time 2, an increased level of
ambiguity aversion leads type-A investors to stay out of the market, resulting in a lack of trading
activity.

The lower panel of figure-1 shows that the factor F; diminishes as the ambiguity volatility
024 increases. F) reaches its peak when the ambiguity volatility 024 approaches zero, and it
approaches zero as the ambiguity volatility tends towards infinity. Here the intuition is that as
ambiguity volatility rises, the signal-to-noise ratio of S decreases. This leads to a disregard of all
information contained in signal S because of its low quality, including the expectations associated
to ambiguity.

Max

wx (1 =) x pf * pf
*(pf +pEx(1-m)

Factor F,;

Ya

wx (1) * pf
14

Factor F;

0.0
o34
Figure 1. Effect of v, and O’?A on factor Fj; . This graph shows how the the val-

ues of 7, and 024 affect the factor Fy multiplying pZ. The top panel achieves a maxi-
pftepteme(1—m)x(p2 4 )* (208 p +of (02 40%))
ve(p2 (pd+p% ) HpA2x(1—m)p (pd+20% )+ xpds(pd+pd )+ (pAx(1—m)+pi +(3-7)))

w when ~, is 1 and a value of 0 when ~, tends to infinity.
v (pg+pB(1-m))

when 7, goes to 0, a value

mum of

13



Version 2: Ambiguity channel and price channel

Market trading volume V5 from period 1 to period 2, when ambiguity channel and price channel

are present while heterogeneity in prior beliefs is switched off.

Vor = |ay + By * APy (2.20)
where

(1= 7) % o % ph % pB
ay — | (L) T 0E * pe o

i Y * pe A

| Zox ok ok (pF — pf)

Py = —

L pe P

In this model version, trading volume is determined by the combination of two drivers: the
bias effect 4 resulting from the expectations channel of ambiguity, and the trading volume linked
to price changes. The impact of price changes is then scaled by [y, which incorporates both
the inverse of the type-A investors coefficient 4 and the precision term p# in its numerator and
denominator. The value of the coefficient #* hinges on both the degree of ambiguity aversion 7,
and the ambiguity volatility d ¢24. Similarly, the precision term p# also depends on the ambiguity
volatility 024, This last interdependence creates a distinction between pZ and p#, even when the
prior beliefs ex ambiguity about the signal S and the measurement error are homogeneous.

As shown in the upper panel of figure-2 above, this last introduced factor Fy is positive and
declines as ambiguity aversion -, increases. It reaches its lowest point at zero for type-A investors
characterized by extreme ambiguity aversion with v, tending toward infinity. Conversely, for
investors who embrace ambiguity and possess 7, values close to 0, this factor Fj attains its
maximum value. he intuition here echoes the previous version. As ambiguity aversion increases,
type-A investors choose to steer clear of the risky asset, preserving their initial allocation risk-free

asset allocation established at time 1 under homogeneous prior beliefs.

14



Max

w*pg * pé
pg +péx (1—m)

Factor F,

Ya

small y,

2+m*pf * (o€ + pf)
(1 —m) * (pé + 2+ pg + pé +va)

Factor F,

large y, i
— e e c e e s S e e e e e - - -
0.0
0 [ee]
o34

Figure 2. Effect of ~, and 0'§A on factor F, . This graph shows how the the val-
ues of v, and 024 affect the factor Fy multiplying. The top panel achieves a maximum of
maplap (o )+ (2xp2ep R +pit(p2+0%))
v*(pfg*(pé‘ﬂ?()z-%pé‘2*(1—W)*p$‘(*(pé‘+2*/9§‘()+p§‘*pé‘*(pé‘+p§‘()*(p?*(l—ﬂ)+p§*(3—ﬂ)))

A A
TPy *P ;
P when 7, is 1.

when v, goes to 0, and a value of

The lower panel of figure-2, shows that the behavior of the factor F; varies for different levels of
ambiguity volatility and is influenced by the degree of ambiguity aversion ~,. For small values of
va, the factor Fj increases with increasing ambiguity volatility, eventually reaching the maximum
value as depicted in the figure. Conversely, for larger values of 7,, the factor F, exhibits a more
complex behavior, characterized by two distinct regions. Initially, in the first region, this factor
increases with ambiguity volatility, but it then reverses its trend and decreases until it reaches a
limit when the ambiguity volatility tends to infinity, as illustrated on the right side of the figure.
Here, the intuition is that as ambiguity volatility rises, type-A investors who have a preference for
ambiguity (,j1) become more inclined to trade the risky asset in response to changes in market
conditions as reflected by prices. Conversely, for ambiguity-averse investors with larger ambiguity
aversion (7,1), an increase in ambiguity volatility motivates type-A investors to maintain their
risk-free asset holdings from time 1 established under homogeneous prior beliefs, reducing their

inclination to trade as ambiguity volatility intensifies.
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Version 3: Ambiguity channel, price channel and heterogeneous prior beliefs

Full model market trading volume V5; from period 1 to period 2, when ambiguity channel, price

channel and heterogeneous initial beliefs are present.

Vo1 = |ay + By * APy (2.21)
where
1-— * T % oA x pB
oy — (L= 7)o g * pe * e i
Y * pe F1

Bv =

In this full version of the model, the trading volume is proportional to the bias effect z§ created
by the expectations channel of ambiguity, the difference in prior beliefs about the risky asset
payoff (u§ — p%), the difference in prior beliefs about the measurement error (! — p?), plus the
trading volume associated to the change in price. The difference in prior beliefs about the risky
asset (,uf} — ,uj‘() gets multiplied by the factor F3 which has on the denominator the contribution
of the inverse of the coefficient v and the type-A investor precision pz that’s averaged inside the
term pg. The difference in prior beliefs about the measurement error (,uf —ubB ) gets multiplied
by the factor Fi previously analyzed, factor that decreases when either ambiguity aversion ~, or
ambiguity volatility 24 increases.

As illustrated in the upper panel of figure-3 below, the newly introduced factor Fj, which
multiplies the difference in prior beliefs regarding the risky asset payoff (uf} — u’;‘(), exhibits a
decreasing pattern with respect to ambiguity aversion v,. Specifically, it starts at a positive
maximum when -, is 0, then crosses through zero when v, equals 1, and ultimately approaches a
negative limit when 7, tends to infinity. Due to the absolute value operator in the final trading
volume expression, this behavior gives rise to two distinct regions. The first region corresponds

to 7, values within the interval [0, 1], where the factor F3 decreases gradually, reaching zero as

16



ambiguity aversion increases toward 1. In the second region, for v, values in the range [1, 0],
the factor Fj increases steadily, ultimately reaching the absolute value of the limit depicted in
the figure. The underlying intuition here is that as ambiguity aversion decreases from 1 to 0 in
the initial region, type-A investors will increase the size of their positions in the risky asset. The
direction of this adjustment is driven by the difference in net expectations between type-A and
type-B investors, which incorporates their difference in beliefs regarding the risky asset’s payoff
(u® — p4). In the subsequent region, characterized by an increase in ambiguity aversion from 1
to infinity, type-A investors tend to exit the risky asset market. They liquidate their positions in
the risky asset, initially established in period 1, resulting in higher trading activity. In instances
of extreme ambiguity aversion, type-A investors divest their entire position established in period
1, regardless of the information contained in the signal S.

The lower panel of Figure 3 illustrates how the factor F3 behaves concerning ambiguity volatil-
ity 024 and ambiguity aversion v,. When 1, is positive, an increase in ambiguity translates in an
increase of Fj, whereas negative v, values lead to a decrease in F3 with rising ambiguity volatility.
When ~, equals one, F3 remains at zero. Furthermore, due to the absolute value operator in the
final trading volume formula, an overall surge in ambiguity volatility results in an elevated Fj as
long as v, is not zero. The intuition here is that for investors who embrace ambiguity with v, be-
low 1, as ambiguity volatility increases, they will seek to increase the size of their positions in the
risky asset. Conversely, for averse ambiguity investors with 7, greater than one, rising ambiguity
volatility encourages them to liquidate their initial non-zero position in the risky asset. In terms
of trading volume, both scenarios lead to increased trading activity. However, for investors who

are ambiguity-neutral with ~, equal to 1, this ambiguity volatility mechanism has no impact.
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Figure 3. Effect of ~, and 0'§A on factor F3; . This graph shows how the the val-

ues of v, and 024 affect the factor Fy multiplying. The top panel achieves a maximum of
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to 0, a value of 0 when ~, is 1 and a value of W when v, tends to infinity. The bottom

panel shows the effect of the ambiguity volatility on the factor F3 for different levels of ambiguity
aversion.

2.7 Ambiguity and the Trading Volume to Price Volatility Elasticity

In this section, I examine the influence of ambiguity on the elasticity relationship between trading
volume and price volatility. To derive this elasticity relationship, I make the assumption that,
on average, changes in price AP,; follow a normal distribution, akin to the approach taken by
Bollerslev et al. (2018) for differences in prior beliefs. I begin by presenting a simplified version
1 of the elasticity relationship, which includes both ambiguity and the price channel of trading
volume. In the complete version 2 of the elasticity relationship, I introduce heterogeneity in prior

beliefs. Further details can be found in Appendix C.

Version 1: Price and ambiguity channel

Elasticity & between trading volume and price volatility when the price and ambiguity channels

are present, while heterogeneous prior beliefs are switched off.
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and
®(x) = Normal CDF

¢(r) = Normal Density

In this simplified version, the elasticity is influenced by a combination of two factors: the
impact of the bias effect, denoted as pg', within the term ay from the expectations channel of
ambiguity, and the influence of price changes on trading volume, associated to the term [y,. Both
ay and By include the inverse of the coefficient ¥4, as well as the precision term pg in their
numerators and denominators. Ambiguity aversion, denoted as ~,, affects this elasticity through
the v4 coefficient, while ambiguity volatility also plays a role by affecting both the v coefficient
and the precision term pg.

In the top panel of Figure 4 shows that when the magnitude of the expectation channel
bias generated by ambiguity, represented as p3', is large in either positive or negative terms, the
elasticity decreases. The intuition here is that when the expectation channel of ambiguity becomes
the predominant driver of trading activity, trading volume appears increasingly disconnected from
price fluctuations. In the most extreme scenarios, the elasticity approaches zero.

The middle panel of the figure indicates that ambiguity aversion v, has no impact on elasticity.
This is because ambiguity aversion affects both ay and py in equal proportions. As a result, any
alterations in ambiguity aversion do not change the relative importance between the expectations

channel of ambiguity and price changes as drivers of trading volume.
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Figure 4. Effect of ~, and 0'§A on Elasticity. This graph shows how the values of 7, and
U(%A affect the elasticity £ between trading volume and price volatility.

The bottom panel of Figure 4 shows that as ambiguity’s volatility increases, the elasticity ¥ (z)
tends to its maximum value of 1. The underlying intuition here is that heightened ambiguity
volatility diminishes the quality of the signal S, which includes the effects stemming from the
expectations channel of ambiguity pg'. As ambiguity volatility approaches infinity, it dampens
the expectations channel of ambiguity as a driver of trading volume. Consequently the primary
force influencing trading volume becomes price changes alone. This is why, in extreme volatility,

elasticity converges to a one-to-one relationship between trading volume and price volatility.
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Version 2: Price channel, ambiguity channel and heterogeneous beliefs

Full elasticity expression £ between trading volume and price volatility when the price channel,

ambiguity channel and heterogeneous prior beliefs are present.
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In this full version of the elasticity expression, the introduction of heterogeneous prior beliefs
results in two additional terms associated to (,u§ — ,u_?() and (uf — ,uf). Here, the elasticity
relating trading volume to price volatility is influenced by the bias effect pg' arising from the
expectations channel of ambiguity, as well as the differences in prior beliefs regarding the risky asset
payoff (u§ — p%) and the difference in prior beliefs concerning the measurement error (p — p7).

In terms of ambiguity-related coefficients, the expectations channel of ambiguityd 4 exclusively
influences the first component of the ay term. This effect can lead to a maximum elasticity of
1, which occurs when the bias p” neutralized the impact of differences in prior beliefs regarding

the risky asset payoff (u§ — pé‘() and the measurement error (uf —uB ) This is illustrated in the

21



top panel of figure-5 below. The underlying intuition is that when the expectations channel of
ambiguity becomes the dominant factor driving trading volume in any direction, the sensitivity
of trading volume to price changes diminishes.

The ambiguity aversion coefficient v, since it appears on the portions of alphay associated to
the expectations channel of ambiguity u?, the differences in prior beliefs about the measurement
error (uf — ,uf) and the betay coefficient that multiplies changes in prices, does mainly affect
the elasticity through the differences in prior beliefs about the risky asset payoff (,uf} — ,u‘;‘(). The
mechanism is that, as the ambiguity aversion increases, the effect of (u§ — uﬁ‘() starts increasing
and this contributes to decrease the heterogeneity if the sign of (/ﬂ;} — /L)A() points in the same
direction as the effect of (uf + p — B ), or initially increase the net heterogeneity if the they
point in the opposite directions. The intuition here is that as ambiguity aversion increases, type-
A investors will tend to sell their assets regardless of market price conditions, thereby reducing
elasticity. In extreme cases, they liquidate their entire t1 position, which are proportional to
(uf} — u}%), bringing the elasticity down to 0. Conversely, when ambiguity aversion decreases
below 1, type-A investors aim to increase the magnitude of their positions in the risky asset
independently of market price conditions, also resulting in decreased elasticity to price changes.

Changes in ambiguity volatility influence the impact of the ambiguity expectations channel
04, the impact of the difference in prior beliefs about the measurement error (u? — pZ), and
the impact of the difference in the in prior beliefs about the risky asset payoff (,uf} — ,uﬁ). As
ambiguity volatility increases, the net effects caused by d4 and (,uf — uB ) start to diminish. In
extreme cases, the primary driving force of trading volume becomes price changes, leading to an
elasticity that tends to approach 1. However, ambiguity volatility also impacts the influence of
the difference in prior beliefs about the risky asset payoft (uf} — u’)“(), causing the elasticity to
deviate from its maximum as ambiguity volatility increases on the right-hand side of the figure.
The intuition here is that as ambiguity volatility increases, the impact of the signal S on type-A
investors weakens, rendering the trading activity of type-A investors more responsive to market
price conditions alone. This initially results in an upward trend in elasticity as ambiguity volatility
increases. Additionally, there is a secondary effect associated with the sizing of type-A investors’
positions, which depends on their ambiguity aversion. When ambiguity volatility rises, ambiguity-
averse type-A investors will seek to reduce the magnitude of their positions, while ambiguity-loving

type-A investors will seek to increase them, regardless of market conditions like prices. This second
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source of trading activity, not directly linked to price conditions, causes the elasticity to decrease.

In cases of extreme ambiguity volatility, this latter effect takes precedence, reducing the elasticity

towards 0.
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1

Elasticity §

0 o'
Ya
i >1
1 R [l:;q + (uf — u?) 1solated Effect
_ /\
> P
= e
L =
i ’ .
© 4 '5 Lf Ya < 1 \
w /
/
/
/
0
o3

Figure 5. Effect of p,g‘, Yo and crgA on Elasticity. This graph shows how the values of 1,
7, and 024 affect the elasticity ¢ between trading volume and price volatility.

3 Empirical Evidence: Data

The empirical validation of the model proposed in this work relies on data comprising price and

trading volume series of the SPY ETF, along with measures of Ambiguity and differences in prior

beliefs.
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Prices and Trading Volume

The data for SPY prices and trading volumes in daily and monthly frequencies is sourced from
Bloomberg. Daily regressions utilize data spanning from 2013 to 2018, while monthly regressions
cover the period from 2000 to 2020. Monthly regressions relying on daily frequency data cover
the period 2013 to 2018.

Intraday calculations utilize 15-minute sampled TAQ data from NASDAQ to construct daily

frequency ay and [y coefficients.

Ambiguity

This research employs two Ambiguity measures: the news-based Economic Policy Uncertainty
Index (EPU)(Baker et al., 2016) and the market price based measure of Izhakian (2020).

I utilize both the daily (Baker et al., 2021) and monthly (Baker et al., 2016) versions of the
Economic Policy Uncertainty Index. The daily measure (TEU-SCA) represents an ambiguity
index extracted daily from Twitter text messages up to 4 pm U.S. EDT Time, while the monthly
measure corresponds to the original EPU measure extracted from U.S. newspapers. The daily
measure spans from 2013 to 2018, and the monthly measure covers the period from 2000 to 2020.
In the rest of the text I identify these series by AM Bgpyp and AM Bgpy gy respectively.

The Izhakian (2020) ambiguity measure represents a market price-based indicator designed to
approximate the implicit volatility of investors’ beliefs. Unlike the previous type of measures, this
index is directly extracted from prices rather than from text and correlates negatively with the
EPU measure. To maintain consistency in the economic interpretation of both measures’ results,
I inverted the sign of the Izhakian (2020) measure. The series used in this research is of monthly
frequency and covers the period from 2000 to 2020. In the rest of the text I identify this serie by
AMBizum.

Differences in Prior Beliefs

As proxies for differences in prior beliefs, I employ two types of a daily disagreement measures
extracted from the social media investing platform StockTwits (Cookson & Niessner, 2020) and
a monthly analysts’ forecast dispersion measure extracted from the IBES database.

The two types of daily investor disagreement are based on data collected from the social me-

dia investing platform StockTwits by Cookson and Niessner (2020) on a daily basis up to 4pm
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U.S. EDT Time from 2013 to 2018. Both series types represent the standard deviation of bullish-
ness,/bearishness beliefs across users of the StockTwits platform. The users bullishness/bearishness
information is extracted from messages posted on the platform. For messages not explicitly tagged
as bullish or bearish by the users, their text content is used to infer their sentiment. This text-
based classification of unlabeled messages is performed by a maximum-entropy machine learning
algorithm (Cookson & Niessner, 2020). One disagreement series type is calculated within the
same type of users’ investment approach, and it is more closely related to differences in infor-
mation sets (Cookson & Niessner, 2020). The other type is extracted across users with different
investment approaches and is more likely caused by different ways or models of interpreting in-
formation (Cookson & Niessner, 2020). In the following sections I refer to these two types of
measures by PBFE Ly and PBFE L 4¢ respectively. For both types of measures, I use a direct SPY
extracted reading and a S&P 500 proxy, constructed as an equally weighted mean of the S&P 500
stocks’ readings. In the rest of the text I identify these series by {PBE Ly grr, PBEL ac prr}
and {PBELwrinp, PBELacnp} respectively. Monthly regressions are performed using the
monthly means of these series.

The IBES proxy for differences in prior beliefs is a monthly equally weighted average of the
individual S&P500 companies’ forecast dispersion measures. Each company’s forecast dispersion
measure is calculated as the standard deviation across the most recent earnings forecasts, scaled
by the corresponding company’s monthly average price. This series covers the period from 2000

to 2020. In the rest of the text I identify this serie by PBEL;ggs.

4 Empirical Evidence: Trading Volume and Price Rela-
tion

In this section, I empirically test the trading volume model presented in section 2.6 using SPY
data at both daily and monthly frequencies.

To validate the hypothesis that ambiguity affects trading volume, I examine the statistical sig-
nificance of the ambiguity time series in explaining the ay term of the volume-price relation. This
mechanism represents the expectations channel of ambiguity. I also assess the statistical signifi-
cance of ambiguity volatility in explaining the £y term of the volume-price relation. Furthermore,

I investigate whether ambiguity has, on average, a positive effect on trading volume.
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Methodology

I validate the theoretical model of section 2.6 through daily and monthly frequency regressions.
These regressions involve the SPY ETF trading volume series as the dependent variable and
include as explanatory variables changes in price, proxies of ambiguity, proxies of differences
in prior beliefs, proxies of ambiguity volatility, price volatility, and time controls. To test the
hypothesis that ambiguity affects the volume-price relation even after accounting for price changes,
I examine the statistical significance of the coefficients associated with mean ambiguity {agms}
and ambiguity volatility {5,.,,.,, 5ac,,., }- Additionally, I expect that mean ambiguity U would

positively impact trading volume {cgmp} activity.

V=ay+by*xAp+e (4.1)
OéV:1—|—Oépbel*PBEL+Ckamb*AMB+€

Bv =1+ B, *Camp + Bpxop+e

V = (c+ apher * PBEL + Qtagmp * AMB) _ + (Bp+ Boury * 0arin + B, % 0p)
Ap + Vi + Z;F:Hl Vp €

5% (4.2)

AV =c + (opper * APBEL + tgmp * AAMB) .+ (Bacan, * Aoans + Bac, * (4.3)
AUP)Aﬁ *Ap + (BP + Bogs * Camp + 5op*A§3 * UP)ﬁ * AL + AV +
le;zt—i-l Tpt €

In (1), I begin by regressing intraday trading volume on price changes to obtain daily time series
of ay and fy. Following the theoretical model, I then conduct regressions of the daily «y time
series on the difference in beliefs and ambiguity proxy series. These ambiguity series act as proxies
for the mean ambiguity term ' within the model. I also regress the Sy coefficient on the SPY
price volatility and the ambiguity volatility series. I use the SPY price volatility series as a proxy
for the prior beliefs precisions pé? and p%, and the ambiguity volatility series as a proxy for the
ambiguity volatility 024 within pZ2. The daily time series of ay and By were obtained using the
15-minutes SPY TAQ data. The monthly time series of oy and Sy were obtained using monthly
SPY trading volume and prices from Bloomberg.

In the second regression (2), I directly regress the trading volume measure on the explanatory

series that make up the ay and Sy coefficients of the model. T do not perform a previous regression
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step to obtain time series of ay and By .

The last regression (3) is a differenced version of regression (2), where I regress changes in
trading volume on the changes of the explanatory variables that, according to the model, explain
the volume.

In all regressions, I include a lagged series of the dependent variable as an explanatory variable
to account for trading volume persistence and also use yearly time controls. Additionally, all series
were detrended beforehand.

These regressions are conducted using all combinations of the difference in beliefs and ambigu-
ity series described in Section-3. For daily frequency, I have 4 different measures of differences in
beliefs obtained from the Cookson and Niessner (2020) data and one measure of ambiguity (EPU)
(Baker et al., 2016, 2021). Both sources of information are extracted from text rather than market
prices or trading volumes. This results in four distinct explanatory daily datasets for each regres-
sion. For the monthly regressions, I have five different series of differences in beliefs and two series
of ambiguity, resulting in a total of 10 distinct explanatory datasets for each regression. Among
the differences in beliefs series, four are obtained by converting the daily measures from Cookson
and Niessner (2020) into monthly frequency through averaging, and a fifth one is extracted from
the IBES database. The two ambiguity series are the monthly version of the EPU index (Baker
et al., 2016) and the monthly market-based measure from Izhakian (2020).

Results

The regression results demonstrate that the ambiguity series (regression coefficient gy, 1§ in
the model) is statistically significant in explaining the oy component of the volume-price relation
across all regression types, data sets combinations and frequencies (daily, monthly). However, no
clear supporting evidence of the relevance of ambiguity volatility was found. Overall, these results
provide positive validation for the hypotheses (H1) that ambiguity influences trading volume
activity, even after controlling for price changes, and (H2) that higher levels of ambiguity are
associated with larger trading volumes. Moreover, these findings suggest that, in the context
of the model, the expectations channel of ambiguity plays a more significant role in explaining
trading volume compared to ambiguity volatility.

In concrete, effects of the ambiguity series that proxy for mean ambiguity (regression coefficient

Qamp, 115 in the model), the daily frequency regressions (1) and (2) for the period 2013-2018 yielded
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the most statistically significant results. Table-?? below shows that the EPU ambiguity measure
exhibited t-stats ranging from 3.6 to 4.10 in regressions (1) and (2). For the regression (3), the
EPU ambiguity measure t-stats were around 3.6 .

Between 2013 and 2018, regression (1) in Table-1 shows that a one-standard-deviation increase
in the EPU daily ambiguity measure is linked to an approximately 11%-standard-deviation in-
crease in the coefficient ary. In regression (2), where the impact of explanatory variables on trading
volume is directly measured, a one-standard-deviation increase in ambiguity is associated with a
+10%-standard-deviation increase in trading volume. Regression (3), which employs variables
in differences, indicates a +12%-standard-deviation increase in the delta of trading volume per
one-standard-deviation increase in the delta of EPU daily ambiguity.

The monthly regressions in Table-2 indicate that a one-standard-deviation increase in the EPU
monthly ambiguity measure is associated with approximately a +23%-standard-deviation increase
in the monthly coefficient ay,. Regression (2), directly measuring the effect of ambiguity on trading
volume, demonstrates an approximately +20%-standard-deviation increase in trading volume per
one-standard-deviation increase in monthly EPU ambiguity. The first differences regression (3)
suggests an effect of around +23%-standard-deviation increase in the delta of trading volume per
one-standard-deviation increase in the delta of EPU ambiguity. The effect using the Izhakian
(2020) and the IBES measures is also statistically significant. Across regressions (1), (2), and
(3), the results suggest that a one-standard-deviation increase in these measures leads to an effect
ranging between a +25%-standard-deviation increase to a +58%-standard-deviation increase in
trading volume. To maintain consistency in the economic interpretation, I previously inverted the
sign of the Izhakian (2020) series due to its negative correlation with the EPU and IBES measures.

In relation to the proxy measures of differences in prior beliefs (regression coefficient e,
(u — pB) and (uf — p4) in the model), I obtain for the daily frequency regressions between 2013
to 2018 that both measures sourced from Stocktwits (Cookson & Niessner, 2020) are statistically
significant, with t-stats above 3. Here I obtain that on average a one-standard-deviation increase
in any of these measures leads to a change between a -15%-standard-deviation to +13%-standard-
deviation in trading volume. For almost all versions of these series, the direction of the impact
on trading volume is positive with the exception of the ETF based measure obtained from users
with different investment approaches (PBEL sc grr), here the direction of the effect is negative.

In the monthly frequency regressions, the results for the difference in prior beliefs coefficient
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are not as clear as in the daily frequency regressions in terms of sign and statistical significance
(Appendix-F). For regressions (1) and (2), the Cookson and Niessner (2020) measures looses its
statistical significance and switches sign to negative in most cases, while in regression (3), the
sign is mostly positive across the different datasets. The IBES measure demonstrates strong
statistical significance with t-stats above 3 in all regressions (1) and (2), albeit with a negative
sign. Specifically, a one-standard-deviation increase in the IBES measure leads to a -4%-standard-
deviation to -14%-standard-deviation decrease in trading volume. In the monthly first differenced
regression (3), the IBES measure does not show statistical significance but maintains the negative
sign.

Regarding the influence of ambiguity volatility on the [y component of the volume-price
relation (regression coefficients 3, , and fae,,,), I did not find clear supporting evidence. In the
daily frequency regression (1) (Table-1 below), the results show statistical significance in support
of the daily EPU ambiguity volatility interaction with the change in price AP. However, for
the daily regressions (2) and (3), the coefficient did not exhibit clear statistical significance. In
the monthly Table-3 below, the regression (3) provides strong statistical evidence in favor of the
Izhakian (2020) ambiguity volatility series when combined with the (Cookson & Niessner, 2020)
difference in prior beliefs measures. However, for the same regression (3) using the monthly
IBES difference in beliefs measure, I only found support in favor of the EPU monthly ambiguity
volatility serie. As for the monthly regressions (1) and (2), I did not find clear statistical evidence
supporting any of the ambiguity volatility series. For detailed regression results refer to Appendix-

F.
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Table 1. Daily Alpha and Beta Regressions.

This table summarizes the statistical significance of the Ambiguity mean term AMB (aqmp)
belonging to ay (Panel A) and the ambiguity volatility term o4mp (5s,,,) belonging to Sy (Panel
B) across the different regression setups (1), (2) and (3). The first column on the left indicates the
dataset. PBELWL IND, PBELAC’ IND, PBELWL ETF and PBELAC7 ETF are the Cookson and Niessner
(2020) difference in previous beliefs measures extracted from Stocktwits. AMBgpyp refers to the
daily EPU ambiguity measure extracted from Twitter. The regressions were performed for the
period 2013 to 2018. T-values in round brackets are Newey-West autocorrelation robust values.
7p represent time fixed effects. Full regression results in Appendix-D.

ay =" ¢+ Qgmp ¥ AMB + aypey * PBEL + a1 + Z;‘;Hl Yo+ €
V =2 (c+appert PBEL+Camp¥ AM B) | + (Bp+Bo ¥ 0amp+Ba, x0p) ;¥ Ap AV + Y, 1 Vot

AV =3 c + (Oépbel * APBEL + Qgmp * AAMB)AQ + (ﬁAaamb * AO-amb + ﬁAcrp * AUP)AE * AP +
(ﬂP + /Baamb * Ogmb + ﬁap*A% * O-P)ﬁ * A?D + A‘/t—l + Z[J;:t-i-l Tp +e

Dataset R(1) R(2) R(3)
Panel A ®Yamb Yamb ®amb
PBELwTI, IND & AMBEPUD 0.11%** 0.10%*** 0.12%**
(3.62) (3.78) (3.59)
PBELAC, IND & AMBEPUD 0.11%%* 0.10%** 0.12%%*
(3.80) (3.94) (3.62)
PBELwI, ETF & AMBEpyp  0.11%** 0.10%** 0.12%%%*
(3.71) (3.92) (3.53)
PBELAC, ETF & AMBEpPyUD ~ 0.11%%* 0.10%*** 0.12%**
(3.84) (4.10) (3.62)
Panel B ﬁgamb Baamb B A0 amb B Zamb
PBELwTI, IND & AMBEPUD -0.09%* -0.05 -0.02 -0.05
(-1.74)  (-1.30)  (-0.26)  (-1.17)
PBELAC, IND & AMBgpyp ~ -0.09* -0.05 -0.02 -0.05
(-1.74)  (-1.37)  (-0.25)  (-1.21)
PBELw1, ETF & AMBEPUD -0.09* -0.05 -0.02 -0.05
(-1.74)  (-1.40)  (-0.26)  (-1.24)
PBELAC, ETF & AMBEPUD -0.09* -0.05 -0.02 -0.05

(-1.74)  (-1.44)  (-026)  (-1.24)
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Table 2. Monthly Alpha Regression.

This table summarizes the statistical significance of the Ambiguity mean term AMB (aqmp)
belonging to ay across the different regression setups (1), (2) and (3). The first column on the
left indicates the dataset. PBELWL IND, PBELAC’ IND, PBELWL ETF and PBELAC’ ETF are the
Cookson and Niessner (2020) difference in previous beliefs measures extracted from Stocktwits
and PBELpgg is the difference in previous beliefs measure extracted from IBES. Regarding the
Ambiguity measures, AMBgpum refers to the monthly EPU ambiguity measure extracted from
newspapers and AMByzy refers to the monthly Ambiguity market based measure of Izhakian
(2020). The regressions involving the IBES measure cover the period 2000 to 2020 and the rest of
the regressions cover the period 2013 to 2018. +, represent time fixed effects. T-values in round
brackets are Newey-West autocorrelation robust values. Full regression results in Appendix-F.

ay =" ¢+ Qgmp ¥ AMB + aypey * PBEL + a1 + Z;‘;Hl Yo+ €
V =% (c+appert PBEL+Gamp¥ AMB) | + (Bp+Boyy ¥0amp+-Ba, %0p) ¥ Ap AV + Y, 1 Vot

AV =3 c + (Oépbel * APBEL + damb * AAMB)AQ + (ﬁAaamb * AO-amb + ﬁAcrp * AUP)AE * AP +
(ﬂP + /Baamb * Ogmb + BGP*A% * O-P)ﬁ * A?D + A‘/t—l + Z[J;:t-i-l Tp te

Dataset R(1) R(2) R(3)
Qamb Qamb Qamb
PBELwI, IND & AMBEPUM 0.23* 0.22°+** 0.24***
(1.99) (3.87) (4.08)
PBELAC, IND & AMBEpPUM 0.23%* 0.217%%* 0.25%**
(2.07) (3.75) (4.03)
PBELwI, ETF & AMBEPUM 0.20* 0.19%** 0.19%**
(1.99) (5.48) (4.17)
PBELAC, ETF & AMBEPUM 0.23* 0.20%** 0.23%**
(1.95) (3.14) (3.43)
PBELwTI, IND & AMBIZHM 0.46*** 0.35%** 0.38%***
(4.61) (3.18) (4.05)
PBELAC, IND & AMBIzZHM 0.46%** 0.36%** 0.38%**
(4.68) (3.27) (4.03)
PBELwI, ETF & AMB1zZHM 0.47#%* 0.36%** 0.33%%*
(4.98) (3.65) (4.58)
PBELAC, ETF & AMBIZHM 0.46*** 0.36*** 0.38%***
(4.75) (3.09) (3.94)
PBELIBES & AMBEPUM 0.37%%* 0.36+%* 0.25%%*
(3.03) (3.26) (2.80)
PBELIBES & AMBIZHM 0.58%** 0.48%** 0.53%%*
(5.19) (4.15) (5.30)
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Table 3. Monthly Betas Regression.

This table summarizes the statistical significance of the Ambiguity volatility term o4y (8s,,.,)
belonging to fy across the different regression setups (1), (2) and (3). The first column on the
left indicates the dataset. PBELWL IND, PBELAC’ IND, PBELWL ETF and PBELAC’ ETF are the
Cookson and Niessner (2020) difference in previous beliefs measures extracted from Stocktwits
and PBELggg is the difference in previous beliefs measure extracted from IBES. Regarding the
Ambiguity measures, AMBgpum refers to the monthly EPU ambiguity measure extracted from
newspapers and AMByzy refers to the monthly Ambiguity market based measure of Izhakian
(2020). The regressions involving the IBES measure cover the period 2000 to 2020 and the rest of
the regressions cover the period 2013 to 2018. +, represent time fixed effects. T-values in round
brackets are Newey-West autocorrelation robust values. Full regression results in Appendix-F.

By =" c+ By, * Camp + Bo, xop + P11+ Zgztﬂ Tt €
V=2 (C+apbel*PBEL+aamb*AMB)a + (ﬁp"‘ﬁoamb*aamb"‘ﬁap*gp)B*AP Vi z§=t+1 Tp €

AV 3 c + (apbel + APBEL + Ogmb * AAMB)AQ + (/BAUamb * Ao-amb + /BAU;D * AO-P)AE * AP +
(ﬂP + /Baamb * Ogmb + BGP*A% * O-P)ﬁ * A?D + A‘/;f—l + Z;Z;:t—i-l Tp + €

Dataset R(1) R(2)
Baamb Baamb B AT amb B Zamb
PBELwI, IND & AMBEPUM -0.15 0.05 -0.51 0.31
(-0.43) (0.39) (-1.13) (1.01)
PBELAC, IND & AMBEPUM -0.15 0.07 -0.45 0.27
(-0.43) (0.53) (-1.00) (0.92)
PBELwI, ETF & AMBEPUM -0.15 0.05 -0.43 0.29
(-0.43) (0.38) (-1.15) (1.32)
PBELAC, ETF & AMBEPUM -0.15 0.12 -0.42 0.28
(-0.43) (1.00) (-0.99) (1.20)
PBELwTI, IND & AMBIZHM 0.17 -0.03 0.12%** -0.09%
(0.93) (-0.63) (4.08) (-1.83)
PBELAC, IND & AMBIzZHM 0.17 -0.04 0.12%%* -0.09*
(0.93) (-0.66) (4.13) (-1.90)
PBELwI, ETF & AMBIzZHM 0.17 -0.03 0.15%%* -0.10**
(0.93) (-0.61) (5.99) (-2.05)
PBELAC, ETF & AMBIZHM 0.17 -0.05 0.12%** -0.10%*
(0.93) (-0.88) (5.55) (-2.09)
PBELIBES & AMBEPUM 0.20 -0.10 -0.35%** 0.19%*
(0.99) (-1.39) (-7.09) (2.54)
PBELIBES & AMBIZHM 0.31 0.03 -0.09 0.02
(1.54) (0.39) (-1.14) (0.35)
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5 Empirical Evidence: Trading Volume and Price Volatil-
ity Elasticity

In this section, I empirically test the trading volume elasticity model presented in section 2.7 using
SPY data at daily frequency.

To validate the hypothesis that Ambiguity affects the elasticity relation between trading vol-
ume and price volatility, I test whether the series proxying for mean Ambiguity and Ambiguity
volatility are statistically significant in explaining this elasticity. Additionally, I expect high levels
of Ambiguity to weaken the trading volume to price volatility elasticity, as it reflects that trading

volume responds not only to price changes but also to Ambiguity.

Methodology

I test the theoretical elasticity model presented in section 2.7 through a daily frequency regression,
where I regress the changes in log SPY trading volume against changes in log delta price-volatility
oap multiplied by the elasticity £. To validate the hypothesis regarding the impact of Ambiguity
on this elasticity, I check the statistical significance of the coefficients &.mp, Eampz associated with
mean Ambiguity, as well as the coefficients §,,, ,,& . associated with Ambiguity volatility in the
regression. Additionally, I expect that mean Ambiguity (&,,,,) will negatively impact the overall
elasticity, thereby weakening the link between price volatility and trading volume.

To conduct the linear regression, I use an expression that accounts for the non-linear normal
density and cumulative distribution function (CDF) inside the elasticity model. This expression
involves linear and quadratic terms of the elasticity factors: mean delta price change (pap, &),
mean Ambiguity (1, Eums), difference in previous beliefs ((u2 — p2) and (1 — p%), &per), and

ambiguity volatility (024, &,. ).

Alog(V') = & x Alog(oap) (5.1)

ng(/'LApa M?a 0-(1547 M?_MeBa Mf}_l’b?ﬁ :LLQApa ML%A 7U§A7 (M?_MeB)27 (:uX_:uX

I employ the regression below,
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Alog(‘/) =c + ( 51 —+ 6# * A =+ gpbel * PBEL + Samb*AMB + SNQ *M2Ap + gpbeﬂ * (52)
PBEL? 4+ &z * AMB? + &, % Oamp + o %02 )g x Alog(oap) +

m amb
Alog(V)i—1 + ZZ:tH p

that also include a constant, a lagged series of the dependent variable to control for persistence
and yearly time controls.

I perform the regressions using daily data. The proxy series for differences in previous beliefs
(PBEL) are based on the daily measures from Cookson and Niessner (2020). The Ambiguity
measure used (AMB) is the daily version of the EPU index extracted from Twitter messages
(Baker et al., 2021). For the mean price change (uap), I use a lagged rolling moving average
based on the last 200 days of information. To address potential collinearity issues between the
explanatory variables and their squared terms, I orthogonalize them by regressing each term on
its squared counterpart and retain the residuals as the explanatory variable. I implement a similar
procedure for the mean price change (ua,), as well as for the interactions of (c,) and the single

regressor (oap). The regression is performed using daily data for the period 2013 to 2018.

Results

The regression results in Table-4 below highlight the statistical significance of the Ambiguity mea-
sure (AM Bgpyp), represented by the coefficient &5, across all four daily dataset combinations.
This coefficient shows an average value of -0.09, t-values exceeding 2.90 and p-values close to 1%.

According to these results, I obtain that a one-standard-deviation rise in the interaction be-
tween the daily Ambiguity measure and the delta of log price volatility corresponds to an approx-
imate -9% standard-deviation reduction in the log trading volume delta from 2013 to 2018. This
validates the hypothesis that (H1) Ambiguity distorts the conventional volume-to-price volatility
relationship and (H2) weakens the trading volume’s responsiveness to price volatility.

Across all datasets, other relevant explanatory variables are the delta in log price volatility
(coefficient &) and the squared mean price change (coefficient £,2). The log price volatility series
(coefficient &;), displaying t-values comfortably above 3 and a mean coefficient of +0.23, represents
the well known principal channel between price volatility and trading volume. Based on these

results, a one-standard-deviation rise in the log price volatility delta corresponds to an approximate
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+23% standard-deviation increase in the log trading volume delta. The squared mean price change
(coefficient &,2), featuring t-values above 2 and an average coefficient around -0.10, is linked to
the normal distribution assumption of price changes.

Regarding the difference in prior beliefs measures (PBEL), none of the measures demonstrate
statistical significance. However, the coefficients (&pper, Eppes2) linked to the ETF measure across
various investor styles (PBELac grr) exhibit comparatively greater significance than the others.
I also find that these elasticity results reveal a difference in the impact direction of the measure
associated with the same investment approach (PBE Ly grr) versus the one associated to in-
vestors with varied investment approaches (PBEL ¢ prr). Similar as for the trading volume
relationship discussed in Section 4.

Overall, the results obtained here from different datasets are consistent with the prior empirical
findings presented by Bollerslev et al. (2018) concerning the role and impact of Ambiguity (EPU)
on the elasticity between trading volume and price volatility. Moreover, these findings underscore
the significance of the Ambiguity expectations channel in the volume-price volatility relationship.
However, there are distinctions: (1) the results here differentiate between the prior belief channel
and the Ambiguity expectations channel, and (2) they reveal divergent behavior of the prior belief
measures depending on whether they originate from investors with similar or distinct investment
approaches. Building upon the differences in construction and nuances between these two beliefs
measures (Cookson & Niessner, 2020), the observed divergence in outcomes indicates diverse
elasticity effects, contingent on whether differing beliefs stem from distinct information sets or

distinct methods of interpreting information. Detailed regression results in Appendix-D Table-15.
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Table 4. Daily Elasticity Regression.

This table summarizes the main results of the trading-volume to price volatility elasticity regression
(5.2). The regressions were performed for the period 2013 to 2018. The row on top indicates
the dataset. The dataset D(l) PBELWL IND & AMBEPUD7 D(2) PBELAC7 IND & AMBEPUD,
D(3) PBELWL ETF & AMBEPUD and D(4) PBELAC7 ETF & AMBEPUD. Where PBELWL IND,
PBELac, inp, PBELw1, grr and PBEL ¢, grr are the Cookson and Niessner (2020) previous beliefs
measures extracted from Stocktwits and AMBgpyp refers to the daily EPU ambiguity measure
extracted from Twitter. T-values in round brackets are Newey-West autocorrelation robust values.
Full regression results in Appendix-D.

AlOg(V) =c + ( 51 +€u*ﬂAp+€pbel*PBEL+€amb*AMB+£M2 *M2Ap+€pb6l2 *PBEL2+§amb2 *
AMB2 + gaamb * Oamb + fgame * O—Zmb )5 * AlOg(O'Ap) + Alog(‘/)t—l + Z]j;zt-i-l ,Yp

D(1) D(2) D(3) D(4)
c -0.02 -0.02 -0.02 -0.02
(-0.48) (-0.52) (-0.46) (-0.61)
& 0.23 %% 0.23%%% 0.23%#* 0.23%%%
(9.08) (8.87) (8.59) (9.14)
€ -0.01 -0.01 -0.02 -0.00
(-0.30) (-0.37) (-0.61) (-0.00)
Epbel -0.01 -0.02 -0.04 0.04
(-0.30) (-0.78) (-1.45) (0.98)
Eamb -0.09%** -0.09%** -0.09%** -0.08***
(-3.34) (-2.98) (-3.41) (-2.95)
€py -0.02 -0.01 -0.01 -0.00
(-0.53) (-0.35) (-0.12) (-0.06)
&2 -0.10%%* -0.10%%* -0. 11 -0.08**
(-3.22) (-2.63) (-3.74) (-2.18)
Epper? 0.02 -0.01 0.03 0.05
(0.45) (-0.15) (0.80) (1.43)
Eamp2 0.01 0.01 0.01 0.01
(0.39) (0.37) (0.37) (0.58)
&y 0.02 0.02 0.02 0.00
(0.87) (0.75) (1.10) (0.18)
Eour -0.04 -0.04 -0.03 -0.04
(-1.55) (-1.36) (-1.01) (-1.51)
€2 -0.02 -0.02 -0.01 -0.03
(-0.56) (-0.52) (-0.25) (-0.70)
Enlog(vy,_, -0.38%** -0.38%%* -0.38%** -0.38%**
(-18.71) (-18.58) (-18.62) (-18.46)
N 1510 1510 1510 1510
R? 0.204 0.204 0.206 0.206
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6 Application: Turnover Sorted Portfolios

In this section, I employ the model outlined in section-2.6 to identify the primary drivers of
returns in Turnover sorted portfolios, which are commonly associated to Liquidity in the literature.
Furthermore, based on the trading volume components of the trading volume model of section-2.6,
[ introduce an improved method for constructing Turnover sorted portfolios with better risk /return
profiles. I begin by introducing the current state of the literature on Turnover sorted portfolios
and liquidity. Subsequently, I present my key findings, followed by a detailed explanation of the
methodology and numerical outcomes.

Several empirical studies have shown that stocks with low turnover tend to exhibit higher
future returns (Amihud, 2002, 2018; Chou et al., 2013; Datar et al., 1998; Haugen & Baker, 1996;
Lee & Swaminathan, 2000). The asset pricing literature typically regards Turnover as a gauge of
liquidity and liquidity risk. According to this perspective, theoretically, a greater exposure to low
turnover, implying heightened liquidity risk, should be associated to higher returns (Acharya &
Pedersen, 2005; Péstor & Stambaugh, 2003). However, second-moment volume-based measures
of liquidity risk point in the opposite direction (Chordia et al., 2001). This contradiction poses
a puzzle within the established asset pricing literature. So, what do Turnover sorted portfolios
truly measure?.

Utilizing the model outlined in section 2.6, I provide empirical evidence showing that a sig-
nificant portion of the returns from a standard Turnover sorted portfolio can be attributed to
Ambiguity. Summary in figure-6 below. In detail, the results indicate that around 70% of the
positive returns within a US long-short Turnover sorted portfolio, starting in 1990, can be linked
to trading volume driven by Ambiguity. These findings align with the Microstructure perspective
(Harris & Raviv, 1993), which views turnover not only as an indicator of liquidity risk but also as

a manifestation of Ambiguity and divergence in beliefs.
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Figure 6. LMH Turnover Portfolio Returns Attribution. Attribution of the monthly
returns of the LMH Turnover sorted portfolio described in section Data and Portfolio Construction
below between 1990 to 2020. The returns attribution is obtained in regression (4.2) below by
regressing the returns on a constant and the LMH portfolios obtained from sorting on the Turnover
components {av,,.,, av,,,, Bvap, €} The sorting variables of these last portfolios are: Turnover
driven by difference in prior beliefs (ay,,,,), Turnover driven by Ambiguity (ay,,,), Turnover
driven by price fluctuations (By,,, ) and an unexplained Turnover portion or error term (e).

Furthermore, I empirically demonstrate that constructing a bisorted portfolio utilizing turnover
driven by both Ambiguity and price changes results in a 2x to 3x higher Sharpe Ratio compared

to a counterfactual portfolio using solely the Turnover measure. Refer to figure-7 below.

PAPZl—amb
Pamb—APZl

P Turn—-Turn

|

PMKT

0% 10% 20% 30% 40% 50% 60%

m Sharpe Ratio H Return (y)

Figure 7. Bisorted Portfolios Returns and Sharpe-Ratios. Yearly returns and Sharpe-
Ratios of bisorted portfolios between 1990 to 2020. Py k7 is the Fama-French market factor.
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Methodology

I apply the theoretical framework presented in section 2.6 to empirically deconstruct the Turnover
measure of each stock analyzed in this chapter. This process results in four distinct Turnover
components per stock, which in turn serve as the basis for constructing four low-minus-high
(LMH) portfolios. Subsequently, I project the initial Turnover LMH portfolio onto these four
distinct LMH portfolios, with the goal of identifying the individual contribution of each Turnover
component to the overall returns of the original Turnover portfolio.

Regarding these four components of Turnover, according to the model in section 2.6 they
are: Ambiguity related Turnover, Turnover stemming from variations in prior beliefs, Turnover
associated to price fluctuations, and an unexplained residual or error term. Sorting LMH on these

measures originates the aforementioned four portfolios.

Turnover = avy,,,, +av,,., + Bvap,, +€ (6.1)

LMH Portfolios = { Prurn, Pamb, Ppvets Pap,,, Pe}

In a subsequent analysis, taking into account the higher Sharpe ratios of portfolios P,,,;, and
Pap,, from the prior step, I utilize the respective Turnover components associated with Ambiguity
and changes in price {av,,,, Bv,p, } to form bisorted LMH portfolios. I then compare these
portfolios against a similar counterfactual bisorted portfolio based solely on the original Turnover
metric.

To characterize and compare the above mentioned portfolios, I calculate their average annual
excess returns, standard deviations, and Sharpe ratios. Additionally, I conduct regressions (1),
(2), and (3) on the monthly returns of the LMH Py, portfolio resulting from sorting on Turnover

in order to analyze and attribute its returns.

RpTum =c+e€ (62>
Rp,.,... = ¢+ Riree + Bruxrrr * Rukrrr + Bamr * Ravr + Bsup * Rsvp + € (6.3)
RPTuTn =cC + /Bpamb * Rpamb + /Bppbel * RPpbel + BPAPQI * RPAP21 + /BPE * RPE + € (64>

In regression (4.1), I analyze the monthly portfolio returns by regressing them against a constant
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term to determine the average monthly returns and their statistical significance. Regression (4.2)
examines the returns using the Fama-French three-factor model { M KT — Rpyee, HML,SM B}
to gauge the extent to which conventional factors account for the LMH Turnover portfolio’s
behavior. In regression (4.3), I regress the initial LMH Turnover portfolio against the LMH

portfolios obtained from sorting on {« V5 BVap,, » €}, aiming to identify the main Turnover

Vpbel s
components that explains the original Turnover portfolio returns. The results of regressions (2),
(3) and (4) are displayed in tables (5) and (6) below. Utilizing the betas obtained from regression
(3) alongside the mean average returns of each explanatory portfolio, I build the LMH Turnover

portfolio Pr,,., returns attribution displayed in figure-6 above. In Table 21 within Appendix G, I

validate the regression outcomes from (3) by introducing alternative liquidity measures.

Data and Portfolio Construction

I create the portfolios analyzed here by using all CRSP stocks traded on the NYSE and NASDAQ.
The monthly portfolio returns span from 1990 to 2020. To capture Ambiguity, I utilize the monthly
series of the Economic Policy Uncertainty Index (Baker et al., 2016). To account for differing prior
beliefs, I employ an analysts’ forecast dispersion measure retrieved from the IBES database. The
Fama-French factors for the regression analysis are sourced from the Kenneth French Online Data
Library.

I create unisorted portfolios by averaging the Turnover measure and its four components:
{5 OVppers BVap,, » €} Over a 3-month rolling window for each stock. These five averages represent
Turnover itself, Turnover explained by Ambiguity (o, ,), Turnover explained by divergence in
prior beliefs (ay,,,,), and the unexplained portion of Turnover (¢). On a 3-month basis, using
I-month lagged averages, I segment the stock universe into 10 quantiles (10x), generating ten
equally weighted portfolios corresponding to each quantile. This monthly process relies solely on
past data. The final unisorted portfolios { Prysn, Pumb, Ppbets Pap,,, Pe} representing one of the five
series above, emerge as the difference between the lowest and highest quantile portfolios (LMH).

For the second analysis, I construct bisorted portfolios based on {av,,,, Bvap,, } following
the same methodology. Using a lagged 3-month rolling window average of the initially selected
measure, [ segment the stock universe into 5 quantiles on a 3-month basis. Within these five
quantiles, utilizing the lagged 3-month rolling average of the second selected measure, I further

segment them into two smaller quantiles. This process solely relies on past data, resulting in a
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set of 5x2 portfolios. The final portfolio emerges by taking a long position in the portfolio with
the lowest ay,,, and highest Sy, ,, , while shorting the portfolio with the highest avy,,, and lowest
BVap,, - 1 create two versions of this bisorted portfolio, one version employs ay,,, as the first sorting
dimension (5x) and the other one uses By, ,, . [ refer to these portfolios as { Pamb—aPry s PAPy; —amb -
For comparison and benchmarking purposes I also construct a counterfactal Turnover-Turnover
bisorted portfolio Pryyn_7um following the same methodology. This portfolio employs on both

dimensions (5x2) the Turnover measure.

Results

The regression results (4.1) presented in Table-5 below reveal that the LMH Turnover portfolio
Pry, yielded a positive and statistically significant average monthly return of +0.60% during the
1990-2020 period. A similar outcome emerged from the LMH portfolio P,,,, exclusively driven
by the Turnover component ay, , associated to Ambiguity. During this same period, arranging
the portfolio from low to high (LMH according to the Turnover component associated with price
changes (A Py) would have led to statistically significant average negative returns of -0.50% per
month in portfolio Pap,,. These two portfolios { P, Pap, } linked to the Turnover components
ay, . and APy respectively exhibit the highest Sharpe ratios, albeit in inverse LMH and HML
directions.

The results of regressions (4.2) presented in Table-6 highlight that the traditional Fama-French
three-factor model fails to account for the positive returns of the LMH Turnover portfolio Pry,y,.
The constant term captures an average monthly return of +1.9% (22% annually) with a robust
t-statistic exceeding 4 that can not be explained by the Fama-French factors.

Regression (4.3) results in Table-3, utilizing LMH Portfolios { Prurn, Pamb, Ppbet, Papy,, P} as
explanatory variables, reveal that a significant proportion of the LMH Turnover portfolio Pry.,
positive returns can be attributed to these explanatory portfolios. In this regression, the constant
term captures a residual -0.1% monthly return (-1.2% annually) that is not statistically signifi-
cant. The findings from this Table-6 and the average monthly returns detailed in Table-5 above,
indicate that the explanatory portfolio P, with a beta of 0.942 contributes with an approxi-
mate monthly return of +0.57% to the Pj,,, portfolio. In the second, third, and fourth positions,
the explanatory portfolios { P, Ppper, Pap,, } contribute with average monthly returns of {+0.12%,

+0.09%, 4+0.02%} respectively to the P, portfolio. The robustness tests in Table-21 within
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Appendix-G show that the regression coefficients, t-stats, and p-values of regression (4.3) remain
largely unaffected after the incorporation of alternative liquidity measures.

In relation to the construction of portfolios with better statistical properties using the informa-
tion contained in the Turnover measure, in Table-7 below I show that a bisorted portfolio utilizing
solely the components {av,,,, Bvap, } of Turnover for sorting purposes achieves a superior risk-

return profile. The bisorted portfolio of dimensions 5x2 that first sorts LMH on oy, , and then

b
HML on fy,,, achieves a sharpe ratio of +0.48. This outperforms the Sharpe ratio of +0.16
achieved by a comparable counterfactual Turnover-Turnover bisorted portfolio. Similarly, the 5x2
bisorted portfolio that first sorts HML on ﬁVAP21 and then LMH on ay,,, achieves a sharpe ratio
of +0.50 that exceeds the counterfactual Turnover-Turnover bisorted portfolio sharp ratio and
comes close to Fama-French Market factor sharpe ratio.

These findings highlight the important role that Ambiguity plays in the dynamics of Turnover
sorted portfolios. Furthermore, they contribute to the longstanding debate on whether Turnover
primarily captures liquidity or something else. Additionally, these results offer an alternative

explanation on the puzzling relationship between volume-based measures of liquidity risk and

returns (Chordia et al., 2001).

Table 5. Portfolios Monthly Returns and Sharpe Ratios.

This table summarizes in Panel A the monthly returns of the Market Factor Portfolio, the LMH
Turnover Portfolio (Pry), the LMH Uncertainty driven Turnover Portfolio (P,.), the LMH
Disagreement driven Turnover Portfolio (AP ), the LMH Price Change driven Turnover Portfolio
(APy;) and the LMH Non-Explained Turnover driven Portfolio (P.). Panel B shows the yearly
Sharpe-Ratios for the same portfolios.

Puxr Prurn Pams Ppver Paps, P.
Panel A: Monthly Portfolio Returns (1990 - 2020)
c 0.009%** 0.006* 0.006* 0.002 -0.005%** 0.003*
(3.96) (1.68) (1.70) (0.76) (-3.27) (1.75)
N 372 372 372 372 372 372
R? 0 0 0 0 0 0
Panel B: Sharpe Ratios (1990 - 2020, yearly)
Excess Return 0.09 0.05 0.05 -0.01 -0.03 0.01
Std. Deviation 0.14 0.25 0.21 0.16 0.15 0.11
Sharpe Ratio 0.56 0.20 0.22 -0.05 -0.22 0.04
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Table 6. Portfolio Monthly Returns Regressions.

This table summarizes the attribution of the LMH Turnover Sorted Portfolio (Pr,,,) using the
Fama-French Factors as well as the Ambiguity (Pyn.), Disagreement (P,;), Price Change (Pap,,)
and Non-Explained (P,) Turnover components LMH portfolios.

Prurn Prurn Prurn
c 0.006* 0.019*** -0.001
(1.68) (4.81) (-1.27)
Br, -2.380*
(-1.77)
BMKT-R; -0.953***
(-12.19)
BHML 0.854***
(6.82)
BsmB -0.789%**
(-7.96)
Bp,. . 0.942%%x
(41.18)
Bres 0.450%%*
(5.93)
Brpy, -0.034
(-0.52)
Bp. 0.390***
(7.21)
N 372 372 372
R 0.000 0.728 0.944
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Table 7. Bisorted Portfolios Monthly Returns and Sharpe Ratios.

This tables summarize the statistics of the market portfolio plus three differential bisorted port-
folios portfolios Pryrn—rurn, Punc—apy,, and Pap,, —une. Each bisorted portfolio is obtained as the
spread between the extreme quantiles of (bisorted) portfolios sorted on two measures. Each port-
folio that compose the long and short leg of the differential portfolio is obtained by double sorting
on a 5x2 grid. Panel A shows the monthly returns of the Market Factor, the bisorted Turnover-
Turnover Portfolio, the bisorted Price Change - Ambiguity driven (Turnover) Portfolio, and the
bisorted Ambiguity - Price Change (Turnover) Portfolio. Panel B shows the yearly Sharpe-Ratios
for the same portfolios.

Pvrr Prurn—murn  Pamb—ars,; Papry —amb
Panel A: Monthly Portfolio Returnds (1990 - 2020)
¢ 0.009%** 0.006 0.008%** 0.008%**
(3.96) (1.39) (2.79) (3.53)
N 372 372 372 372
R2 0 0 0 0
Panel B: Sharpe Ratios (1990 - 2020, yearly)
Excess Return 0.09 0.04 0.07 0.07
Std. Deviation 0.14 0.25 0.16 0.13
Sharpe Ratio 0.56 0.16 0.38 0.50
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7 Conclusions

In this work, I explore the influence of Ambiguity, also referred to as Knightian Uncertainty, on
the connection between trading volume and prices within financial markets. I created a model
that sheds light on how the ambiguous interpretation of public information by a subset of market
participants affects trading activity. Through both theoretical analysis and empirical evidence, I
reveal how the expectations channel of Ambiguity can trigger trading activity, even amidst stable
scenarios lacking visible price changes.

The empirical sections of this study validate the theoretical model, demonstrating that, on
average, a one-standard-deviation rise in daily Ambiguity translate in an approximately +11%-
standard-deviation surge in trading volume, even after accounting for price shifts. On a monthly
frequency, I observe that a one-standard-deviation rise in Ambiguity is associated with an approx-
imate +20%-standard-deviation to +58%-standard-deviation surge in trading volume.

By relaxing the assumptions of my initial framework, I derive a trading volume to price volatil-
ity elasticity relation that incorporates the influence of Ambiguity within market agents. This con-
nection illustrates the impact of Ambiguity on the well-established positive correlation between
price volatility and trading volume. My empirical estimates demonstrate that a one-standard-
deviation rise in the product of price volatility and daily Ambiguity leads to a decrease of approx-
imately 9% in trading volume, rather than an increase. This outcome underscores how Ambiguity
weakens the typically positive link between trading activity and price volatility.

In terms of applications, the model’s decomposition of trading volume suggests that roughly
70% of the positive returns of a standard US Turnover sorted portfolio from 1990 to 2020 can be
attributed to Turnover driven by Ambiguity.

The model and empirical findings presented here shed light on how Ambiguity can help to
explain the puzzling large average trading volume observed in markets (Cochrane, 2016), even
in situations marked by minor price shifts and subdued volatility. Furthermore, these results
bolster the notion that Turnover is more a manifestation of Ambiguity and divergent viewpoints
rather than mere liquidity, thereby contributing to the understanding of the puzzling relationship

between volume-based liquidity risk measures and returns (Chordia et al., 2001).
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Appendix A Volume and Price Change Relation for Max
Min Utility

Market Equilibrium at Time 1

The price P;; represents the equilibrium price at which the risky asset market clears in period 1

and is determined by the following formula.

Pa = oix/px
where
fix = mx py x py + (1 —m) % p§ * p§

px =mxpx+ (L—7)*px

The resulting equilibrium allocation at period 1 for both ambiguous and non-ambiguous in-

vestors is given by the formulas 67} and 65 below.

Cmpi ok pR ok (UR — )

98 —

" v * Px

oA (1—m) % pi = p& = (g — pf)
& Yk Px

Ambiguity Neutral Investor Type (Type-B) At Time 2

The ambiguity-neutral type-B investor takes the following optimal decision at time (2)
max FEP [UB (0£)|S] = max F? [—e_'y o (wh + 08+ (X=Pu)) ‘S]
05 05
max EB [UB (9%”5} — max —e v (wh + 65+ (EB[X|S]-Pi2)) + 3+*+02P+VARP[X|S]
0 t 08
Given his prior beliefs and the information received through the signal S, his optimal allocation

at time 2 is the following

o8 — EP[X|9] — P
v * VARP[X|S]
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08 =
2 ~
where
1
B
pX:(Ig(B
1 1
pg:ongafB
B+ B 0?(3 B B
E [XS] ZMX+UQB+UEB*(S px = )
slolal  PR*uR +pf = (S—ub)
E°|X|S| = 5 3
- Px + pg
B[ | ol 2 B UEL(B
VAR _XS_: O'X _Og(BTgB
VAR? XS] = (o8 +pE)”"

The parameter p¥ corresponds to the type-B investor prior belief precision about the payoff X

and pZ corresponds to the type-B investor belief about the precision of the signal S total error £.

Ambiguity Averse Investor (Type-A) At Time 2

The investor type maximizes at time 2 his expected utilitity by selecting the optimal asset mix-
ture in accordance with its Max Min Utility function. In this function, the expectation operator
addresses the traditional risk concept associated with the payoff X , while the minimization op-
erator handles the ambiguity surrounding X by selecting the most pessimistic M model. In this
particular setup, each model M represents a specific way of interpreting the public information.
Details below.

Regarding this investor type beliefs about the risky-asset payoff X , he initially assumes a
normal distribution with parameters N (,uﬁ‘(, JE(A). Additionally, he believes that the signal S is

2A)'

€

subject to a measurement bias or error € that distributes NV (uf, o

Despite these prior beliefs, this investor type is not completely certain about the appropriate
model for interpreting the signal S. This ambiguity is represented by different models M € M™",
each characterized by a model-dependent signal component 5 following the normal distribution
N(pg', 0 #). The mean and variance of § are specific to each M-model. The mean of § across
all models falls within the range [ﬁ 5 ,175] and its variance falls within the range [0%,73].

In summary, the investor type-A believes that the signal S consists of three components: the
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risky payoft X information, an ambiguous model-dependent component g, and a measurement

error €. The total error term of the signal is denoted as E.

S=X+0+e=5+¢&
0~ N(ug' o3 ™)

MJA € |:H57 ﬁ(?]

The ambiguity averse type-A investor takes the following optimal decision at time 2.

max min E4|—e 7" (wih + 03t (X = Pe)) S, M

o5 M

max min —e7*(wh + 0 (BA[X[SM] P2 )) + 12503, AxVart [ X |5, M]
05 M

max _6—7*<wg + Gg*(EA[)z’S,M*]—PtQ)) + 1/2*72*052A*VarA[)Z|S,M*]
A

9t2

Given his prior beliefs, the information received through signal S, and his personal interpreta-

tion of information (model M) his optimal allocation at time 2 is the following.

BA [5(‘ s, M*} _ P,

0/ = -
+ % VARA [X‘S, M*}
A|M* A|M* A|M*
o4 P i + e (S—u?—ua‘ )—Ptz*(p_?ﬁpg‘ )
t2 ~
where
1
A
Px =
o2
T 1
¢ oo Al o2 A+ o} AlM

Ambiguity Averse Investor (Type-A) At Time 2: Optimal Paremeters

In this section, I elaborate on the optimal model M parameters, which the Ambiguous agents will
employ to interpret the signal S according to their Max Min utility.
To ensure tractability, I adopt a simpler parametrization wherein ambiguity is represented

by a range of models with different means w4y, while sharing a fixed ambiguity volatility 0% ;‘.
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A~ N(uhe [t ml odde [3).

In this parametrization, the Min component of the ambiguous agent’s utility gives rise to a
function with one kink, located at point #/5 = 0. This results in a piecewise function with three
regions where the agent maximizes its utility (Condie & Ganguli, 2017). In the first region, the
agent selects a model with a mean ambiguity u’t. Moving to the next region, the agent opts for

a model with a mean ambiguity EA inside the range [u4, 4], ensuring that the expected return

A [5{

S, M ] — P, equals 0. Lastly, in the final region, the agent goes for the mean ambiguity
u4. The following equations summarize the piecewise utility of the ambiguous agent across these

different regions.

(

- 5 ~ _
m%x EA —e =y * (wt2+0t2* (X - Pt?)) 57 M = {ILLI:’ 0'124;4 if Qé <0
9152 B - -

maxya Ela[UA(04)|5] = max EA| e~ (weto (X - P2)) S,M = {Eﬁ,UiFA}_ if ;3 = 0
t2 - B

max EA e v * (watths (X - P2)) S, M = {ﬁﬁ,ai;‘}_ if 04 >0
02 ] ]

\

One interesting aspect of this utility function is the abrupt changes it exhibits when market
conditions and signals shift, causing the utility to transition between different regions. In such
instances, adjustments in the optimal mean ambiguity parameter ;4 leads to alterations in the
utility function’s shape.

Another noteworthy aspect of this utility function is the agent’s portfolio inertia, wherein
07 = 0. Within this particular region, the concrete allocation quantity remains entirely insensitive
to the agent’s current ambiguity.

This piecewise function leads to variations in the optimal allocation 67 depending on the
region of operation. In one region, the allocation corresponds to the optimal mean variance
portfolio resulting from a mean ambiguity 74. In the next region, the agent withdraws completely
from the market. Finally, in the last region, the allocation represents the optimal mean variance

portfolio resulting from a mean ambiguity Hi'
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(A [)“(’(S,M = (74, 0% A}] — Py

UAf}]

ifPtQ<EA[

v % VAR | X [ UAFA}]

B4 [)?‘S,M = {Eﬁvaif}] — Py
Nt

if B4 [)Z’S,M {MAaO-A:l}} < Pp

4oa )

Ax —
0is" = ~  VAR? [X

and Py < BA [55

EA[X|S,M = {3 Y] - Po
etal

if Py > EA [55

4oa )

kfy*VARA[

Equilibrium At Time 2

In equilibrium at time 2 the following equation has to hold.
(1—m) %05 +mx0) =

Replacing the investor types A and B optimal allocations 65 and 6 in the market clearing
condition.

A|M)]

A|M*
wlphe it o R (S —pd = ™) = Pox (pf + pp + (T=m) * [p§ + pf + pf

(S —=nd) = Pox(pf +pf) ] =0.
Grouping together terms associated to the investors previous beliefs about the risky asset

expected payment, the signal S, the signal S error and price Py

mox ph xopd + (1 — ) % pR ok pBlae ok oM @ =)k pBlp xS -
A|lM* A|M* A|lM*
|7 o2 i (L= ) B e [ e g ™) = Paxlmrpt 4 (L—m) % pRlay —

Pox[mxpe™ +(1—7)%pBlpe =0

Replacing the expression in brackets by the terms jix, pe, i and px we can rewrite the market

clearing condition as

AM*  AIM*

[x + Pe* S —[ie = T*pg * [ig — Po* (px + pg) = 0.
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Signal S At Time 2

From here we can rewrite the price at time 2.

fix + pe xS —fic —mx pi M

px + pe

Py =

We can use this last expression for P, to rewrite the signal S as a function of the change in

price AP
_ 5e % S — fi, — AM* | AM*
AP =Py~ py=IXTPEX TR T e s p,
pPx + pe
AP # [px + pe] = |fix + pe xS — fie — mx pa g™ | = Pux [px + pe]
AP [px + Pel + fic + 7 % pa™M s M
S [px + pe] fle Pe W p

pe

In this last equation we replaced the price P, by the formula obtained for it as a result of the
Hx

market equilibrium at time 1. P, =
Px

Trading Volume from Time 1 to Time 2

We measure the trading volume from time 1 to 2 as the change in the risky-asset allocation of
the ambiguity-neutral investor type (B) multiplied by the quantity of this type of investor. By
symmetry of this market equilibrium, the volume of risky asset this investor type-B buys/sells is

equivalent to the volume the ambiguous investor type-A sells/buys.

V=(01—m)x (05— 07
where
08 = (% — Pu) x p% /v

PN * iy + pE x (S — pl) — P x (0% + pf)
f)/

B _
Oy =

Replacing the allocations of the ambiguity-neutral investor type-B in the expression (65 — 65)

we obtain

08 _ g8 — pi*u%p?*w—uf)—az*<p§+p§>] B [wf;—al)*pﬁ]
v gl
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pEx[S—wl]  Poxp? o PR

9@—932 gl gl v

At this stage we can rewrite the signal S expression (S — p?) as a function of the change in

prices between period (1) and (2) using the formula we found in the previous section.

i - A|M*  A|M*
<AP*[px+ps}+ue+ﬂ*pg xuf

+Pt1> —Mﬂ
" S —Pt2*pg—AP*§
Y Y Y

- _ AlM*  A|M*
B B _ AP B, (Px+pe) B B pBriic  pBxuB | wepBrpl™ wp
O — 01 = * | pg ¥ s — Pg — Px | T - +

B_ B _ B
O — i1 = pe *

pe Y*pg vy Y*pe

B_ B _ AP [ B px B pBric _ pBruf | mepBrpd M M
— €
0 — 0 ¥ |pg * 5 pXL + +
- 1

2 VP v VP

We simplify the expressions inside bracket (2)

Py A|M*
5 Px 5] _ |pExmxpd = pf xmxp]
Pe * — —Px| = B
2

- B, A _ B AlM>
(022 o [t
2 pPe

We also rewrite the expression inside bracket (1)

r A|M* A|M*
(pE*W*pg‘ *M?er?*(l—ﬂ)*p?*u?)—(pr*ueB*vr*pg‘ +p§*u?*(1—ﬂ)*p§) rpBap M A

Ll = V*Pg V*Pg

[ B AlM* A B, , B AlM* B, JAIM* AlM*
], = Pg * T * pe * S — pg Kk U2 K Tk P +7T>I<p5*pg * [y
L= - —

Y * pe 7 * pPe
A|M* B A B AlM*
W*pg *pg * |:/’Le _lue +lu6

Y * pe

Then we can rewrite the expression for the trade-volume originated by the ambiguity neutral

investor type-B as

A|M’|< B A B A|M>'< *
TP kg *[ue —He THs } I pBxpt—pRxpp™ « APg;
Y*pE . pE 5 v

B B _
9t2 _etl -

The total trading volume in the economy is given by the expression below. The ambiguity
‘ *

about the signal term d manifests within this expression through the model dependent mean M? M
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AlM

and the precissions pg " and pe, whose specific values depend on the model M* chosen by the

ambiguous investor type-B on the minimization stage of his utility function.

V=|(1—m)* (0 — 0)|

| M B A|lM* |M*

B [ A_ ] AlM
*Pg * |Pe —He THs 4 W*(l—w)*(p?*p‘;‘(—pf}*pg ) « AP
Y*PE . Y*PE 5 21

71'*(]_—7'(')*/)?
V=

Vor = |ay + Py * APy |
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Appendix B Volume and Price Change Relation for
Smooth Ambiguity Utility

Ambiguity Neutral Investor (Type-B) At Time 2

The ambiguity-neutral type-B investor takes the following optimal decision at time 2.

max B2 (U (05)[S] = max B? [~ = (v + % (Y=r)) |g]

05 0

max E?[UP(03)]S] = max o vH(wh + 05+ (EP[X|S]-Pa)) + §+9?+03 +VARP [X]5]
052 05

t2

Given his prior beliefs and the information received through the signal S, his optimal allocation

at time 2 is the following.

QB — EB[X|S] _Nf)tQ
? % VARP[X|S]
o _ PX ¥ S+ pEx (S —pl) = P x (pX + pF)
t2 v
where
1
B
Px = 0_3(3
1 1
B
Pe = =" 9B
o2B  giB
2P[R|S] = uf+ o TX (Sl uP)
_/JJX O'2B+ 2 B :uX :ue
E5[%|g] — PREHR A+ pE (S — pd)
- B B
- Px + P
VARE[®[s] = o28_ X"
1 03B+ 025
[ o] -1
VARP | X|S| = (p¥ + pB)

The parameter p¥ corresponds to the type-B investor prior belief precision about the payoff X

and pf corresponds to the agent’s belief about the precision of the signal S total error &.
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Ambiguity Averse/Loving Investor (Type-A) At Time 2

The ambiguous agent-1 takes interprets the signal in an ambiguous way, according to his Smooth
Ambiguity Utility Function (Klibanoff et al., 2005).

The agent’s preferences for risk are given by a CARA utility function U, p(04) = —e W ()
where W (04) represents the final wealth of the agent at time 3. The agents preferences for ambi-
guity are given by the function Uy, (E[Uig]) = —(—FE[Uig])?*, where =, represents the ambiguity
attitude of the agent.

The ambiguous agent beliefs that the signal S can be interpreted as Sy, = X+0+ €, where 5
represents the agent’s ambiguity about the correct model M under which he should interpret the
signal. The prior belief of the agents is that the ambiguous component § distributes N (ng', o2 4),
The type-A investor problem maximizes the following expected utility.

max E4 [—( _EA[_e —y x (wfh + 04% (X — Po)) ‘S, M} )’Ya

A
0t2

s| =

max E4

|:_ <€ S (wé + 6Ax (EA[)?‘S’M],PtQ)+%*72*932A*VARA[)?|S7M]) )ml
07

s| -
mar — e~V (w + 0% (BAX|S|=Pi2)) + 3x72yax02BA] VARA[X|S,M] |S]+ $xv2x72502VARA[ BA[X|S,M] |S]
07
Considering that the variance VAR” [)Z' |S, M] is already known before the last expectation op-
erator conditional on the signal S, and that the variance VAR?[ EA[X|S, M] |S] can be rewritten
using the Law of Total Variance as (VARA[X|S] — VARA[X|S, M]) (Caskey, 2009), the optimiza-

tion problem reduces to the maximization of the following certainty equivalence.

. ~ A Q] Al
mazx wh + 04 % (EA[X\S] - Ptg) — Lay % 0% « VAR XS] * [1 +(7a—1) (VAR [X\‘/i]RX[}TS][Xls’M])}
t2

Given his prior beliefs, the information received through signal S, and his personal interpreta-
tion of information the information contained in S, the optimal allocation of the type-A investor
at time 2 is the following bellow. In our parametrization of the signal S, the signal and the payoft
X have a covariance equal to the variance of the payoff X , and we do not consider correlation

between the payoff X and the ambiguity term 5.

i EAXIS] - P
& v x Vard[X|S] = v4
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9,4_p§‘<*u§‘<+p§‘*(5—u?—u?)—Ptz*(ps“<+p?)
2 —

vy xvA

where

A

p g

X O'g(A

1
A _
pg_agA—i-agA
ARA[X|S] — VARA[X
LA _ 4 (e —1) % VAR?[X|5] AV~R (XS, M|
VAR?[X|9]
Al ¥ A ‘7§<A A A A
E [XS] :uX+U§A+0§A+02A*(S—MX—M5 — ')

Py * i+ pgx (S — pgt — pd)
Py + pg
> -1
Var[X|S] = [px + pe]

-1

24 A A
. o o S —
EA[X‘&M]:M%ﬂL[J;‘}S 09}5}* S 5.6 1
; ; A 2 A A
0ss Os 0 — s
-1
U N I C 2N R R
=Hx oyt 0] 24 24 A
95 95 0 — fs
a0k (S =0) — oM (uy + )
= Mx + R
_ i p + ot (S —0) — pf)
px + pd
-1
24 _A A
~ ag g g
VaTA[X|S,M]:U§<A—[g§S g}‘}d]* S 54 * X5
; ; A 2 A A
Oss5 Os Oxs
-1
24 2A 2 A
g ag ag
o5 " og 0
A, A
IR ULt SR L S N N
G O e et N S
Vard[X|S] — Vard[X|S, M] ph x pAs
VarA[X|S] (05 % pA 42 p * p2 + px x p3t) * (p% + p2) * (p2 + p3)

The term v weights by the ambiguity aversion coefficient a the ratio of X’s volatility caused

by the ambiguity of the agent’s interpretation of the signal. This ratio increases with the ambiguity
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volatility o2 4, increasing the volatility divisor v * VarA[f( |S] % v that goes inside the type-B

investor’s optimal allocation.

Equilibrium At Time 2

In equilibrium at time 2 the following equation has to hold.
(1—7) %605 + 7 %65 =0.

Replacing the individual agents optimal allocations 65 and ;3 in the market clearing condition.

T
V—A*[pﬁ‘(* py + pR(S—pt—pf) — Pox (p+pf) ]+ (1 —7) %

[P+ u% +pg % (S —pf) — Pox(pR +pg) ] =0

Grouping together terms associated to the type-A investor previous beliefs about the risky

asset expected payment, the signal S, the signal S error and price P,

m m
[V—A*ps“(*us“ﬁ(l—ﬂ)*pﬁ’}*u?}} + [V—A*p?Jr(l—ﬂ)*p?} * S —

nx
T T T

[V—A*p?*u?Jr(l—?T)*p?*u?LE - [V—A*p?*u?}—Pt2*[V—A*p3“c+(1—ﬂ)*p§ -
s

pe

Replacing the expression in brackets by the terms fix, pe, lic and px we can rewrite the market

clearing condition as the expression below.

_ _ _ m _ _
Ax + pe * S—Me—V—A*P?*M?—Ptz*(Px-FPs) =0
From here we can rewrite the price at time 2.

_ _ _ m
fx + pe * S—Me—y—A*P?*M?

Py = — —
! Px + pe
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Signal S At Time 2

We can use this last expression for P to rewrite the signal S as a function of the change in price
AP.
- - - T A, A
fix + pex S — fie — — * pg * [
AP = Py — Py = —V — Py
pPx + pe
T
AP+ [px + pe| =[x + e+ S = fic = =+ i+ 17| = Pux [x + e

™
AP [px + pe] + fle + — % pi 415 — [fix — P x px]
— v
S= — + Py

pe

In comparison to the Max Min Utility, in this last expression we have the additional term
[ix — Py * px] that is different from 0. In the next lines we show that this term is proportional
to the investor type-A versus type-B difference in prior beliefs about the mean of the payoff X.

From the optimization at time 1 we know the following.

X

t1l

Py = -+
pPx

t1

where
fux =k ik gy + (1= 7) % pf * g

px =mxpx + (1—m)*p§

These last terms from time (1) are related to the average terms fix and py that appear at

time 2 through the following equations.
n Zﬂx—i-(ﬂ —7X>:7X+7T* i—1 * 14 % pd
X X T HX M A Hx * Px
_ _ _ _ _ 1 A
px = px + (px—px) =pxtma| g1 xpx

Using these last relation, we can rewrite the term —|[ixy — P * px] that appears above in the

equation for S.

1 1
_/]X+Pt1*ﬁX:—|:ﬂt)§+7T* (V—A—l)*u_‘?{*p;‘(} + |:Pt1*ﬁﬁ +Pt1*7r>k(y—A—1> *pﬁ}}

o8



1
—ﬁX‘i‘Pﬂ*ﬁX:—[ﬂX + ok *N?{*P?{} + {/_ﬁﬁ + Py o« % (V—A—l) *P?{}

<
>
|
—_
AN N—

Pﬂ—li?()
W*p’;“(*ufﬁ(l—ﬂ)*pﬁ}*uf}_w
T py + (1= 7) % p§ X

(1 —m) % p¥ * (u§ — pi)
P
t

1
—px +haxpx =mx | — —1
v

1
_ﬁX‘i‘Ptl*ﬁX:W*(V—A—l)*p?(*

1
_ﬁX‘f‘Pﬂ*ﬁX:ﬂ'*(—A—l
v

*
s
1S
*
~_

A B
(2] g -t

1
—fix +Pispx=mx(l—m)* | — —1 —
A hx
tl

—fix + Pa * px = n* (1§ — p%)

Replacing the term [fixy — Py * px] by this last expression in the equation for signal S, we

obtain the following term.

_ _ _ T
AP * [px + pe) + fie + — * p # pft +mx (uf — pf)
o 1%
g — + Py

P

Trading Volume At Time 2

We measure the trading volume from time 1 to 2 as the change in the risky-asset allocation of
the type-B agent multiplied by the proportion of this agent type in the economy. By symmetry
of this market equilibrium, the volume of risky asset this type-B investors buys/sells is equivalent

to the volume the type-A investors sells/buys.

V=(1-m)x* 0z~ 05)

op _ (X = Pu) * p%
tl v
gp _ PX ¥ X+ pE * (S — ) = Pox (px + pe)
t2 T
)

Replacing the allocations of the ambiguity-neutral type-B investor in the expression (65 — 05)

we obtain the following expression.

05 — 05 = pg*ﬂﬁﬂf?*(s—uf)—Bg*(p§+p§)} B [(M;B}—Rsl)*p?}}
" gl
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pEx [S—pll  Poxpf

9;;—93: gl gl

B
_ AP« X

o

At this stage we rewrite the signal S expression (S — Us) as a function of the change in prices

between period (1) and (2) using the relation of the previous section.

[ APx[px+pe]+e+ g+ psug+nx (u] —u% ) P B
pe + — He P x pB pB
L 12
Y Y Y
9B _ 9B _ AP, | B, px+pe) _ B _ B i PE o x ( B _ A) X pExiic  pgxul 4 A HPE *PE Mg
A L P L e pevy TR \HX — M P ~ ~*Pg
gB _ B — AP [ B ox Bl | pErie ﬂ?*#5+ﬁ*”g*pé*”£ 2y * (u8 — p%)
t2 t1 = _pé' pe pX 9 Y*pe 107 Y*pg pe*y n MX MX 0

We simplify the expressions inside bracket (2)

B

T N g T
PE*V_A*/)X_PX*V_A*Pe

A

B

|:B px B} _L*V?*pﬁ—p?}*p?]
2 :58

A

We simplify the expression inside bracket (1).

Y*pe

(], = {(p?*ﬂ*pé‘*u?ﬂ?*(lﬂ)*p?*u?)(p?*u?*lﬁ*pg“ﬂ?*u?*(lﬂ)*p?)
L=

SR PEHPE RIS
Y*pe

Y * Pe
 Eoxpd xpg x [ — pP + ud]
7V * Pe

B s A A B B ™ A
B [pg * TR PE KM T PE K Ky K e

V%*p?*p?*/i?}
Y * Pe

Then we can rewrite the expression for the trading volume associated to the type-B investor.

T

[ B —rpgepBr(ud—pl+n3) 5 AP
B _pgB _ | _P¢ B _ A pA TETE i B,PX _ B =
0t2 Qﬂ B pe * 7y s (MX MX)]O " TP * [,Og i pe pX}2 ’ 7

1

[ 1 B o % b
68 — 08 = 1-— — -1 £ X PX B4
= e m*(’/‘ >*(ﬁs*v "\ (i =) 0

L tl

| wred o x (wd —pZ ) || Gax (pF ok —pRxpE) | AP

Y * Pe . pe , 7
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The total trading-volume in the economy is given by the expression below. Here, ay ac-
counts for the difference in prior beliefs (5 — p4) between investor types A-B and the
expectations channel of ambiguity represented by uZ. The coefficient By is a the term that

amplifies or smooths the traditiona trading volume channel associated to changes in prices.

v=\<1—w>*<e£—eﬁ>

1 pB PA*,OB
V:H [“‘>(_‘1><ﬁ)<p— * sk~ )
tl
(1—7) * J * pf +
- # (pd = ul + 1)

Y * pe
ﬁvk@?*m%—pﬁ*p?q } AP
8

_|_

g

V:|Oév+ﬁv*AP21|

o

pe Y
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Appendix C Volume and Price Volatility Elasticity

This section derives the expected market’s trading volume one period ahead, as well as the trading
volume to price volatility elasticity. These formulas expand the work of Bollerslev et al. (2018) by
introducing (1) Ambiguity (Knightian Uncertainty) and (2) a non standard normal distribution.

C.1 Expected Trading Volume

This part shows the derivation of the market’s expected trading volume one period ahead, E[Vs]
in the presence of an Ambiguous Agent. The formula uses the theoretical expression for trading
volume Va1 presented in Section 2.7 and Appendix B. We calculate a closed form expression for
E[V5] using the volume formula V51 = |ay + Py * APy | and assuming a normal distribution
APy ~ N(pap,oap).

Using the standard normal distribution Z = % we rewrite the expression for trading

volume as V,; = |ay + By * oap x Z| The expected volume calculation can be split in two parts

conditional of the sign that the expression inside the absolute value takes

E[‘/21|aV+6V*0AP*Z>O]*P(aV+ﬂV*O-AP*Z>O)
E[Va] =

+ E[Voy | ay + Py *oap x Z < 0] % P(ay + By x oap x Z < 0)

Taking into account the conditional density f.condition Of the standard normal distribution

fox Iljay + By x oap x Z > 0]
P(av—f—ﬁv*O'Ap*Z>0)

fz|04v+5v*0AP*Z>0 -

fzx Iljay + By x oap x Z < 0]
Play + By xoap * Z < 0)

fz|av+5v*0AP*Z<0 =

the expected volume formula simplifies to

E[VQI]:/ (ozv—i-ﬁv*aAp*Z)*fdeJr/ —(ay + Py xoap *x Z) % [,dZ
ay+By*xoapxZ>0

ay+By*oapxZ<0

Integral of 3y, Section

First we calculate the integrals of the expressions (Sy *x oap * Z) and (—fy * oap * Z). For both

integrals, there are two sub-cases depending on the sign of the constant [y, because the inequality
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that defines the integrals’ regions flips direction.

For By > 0:
I -z Byxoap  —z2]"
(Bv * oap *x Z) * ez dJ = {——*ez
/Oév+,3v*UAp*Z>0 V2 xT V2% 76*%‘213
14
2 2
* 0 — x0 _ oy
/ (Bv xoap*x Z) * f[,dZ = Pv xoar % 2 0Ap — W—AP £ 2P % p
av+pvroap*Z>0 V2% V2 x T
ay
1 —z2 By *xoap  —z2]| Pvroapr
_(BV*UAP*Z)* e 2 dZ = {—*62
/av+ﬁv*crAp*Z<0 V2% V2T oo
2 2
/ —(By xoap* Z) * f.dZ = 6‘/—”*62*65*0213 — W—AP*GQ*,@‘%*UZP
ay+Byxoap*xZ<0 * 7T V2 kT

For 8y < O:
Yy
1 -z By x oap  —z2]| Bviear
(Bv xoap * Z) * e2dZ_l—*ez
/av+6v*aAp*Z>o V2% 2 kT -

2 2
v v
k 62*ﬁ\2/*02AP e —|5V| * UAP k 62*5\2/*02AP
V2xm

sy
<
DO *
*|Q
>
>"T:1

/ (ﬁV*O-AP*Z)*fde:_
ay+By*oapxZ>0

| v 2ot [ 4]
— Py * OAp * * e 2 = | ———— x ¢ 2
oy 4By koA prZ<0 2% 2% T e
VAP
a2

Bv * oap _ ‘ﬁV’*UAP

—(By xoap* Z) x f,dZ = R Y
/C“V+6V*UAP*Z<O : EX S V2 xTT

2 2
* BQ*BV*JAP

We get that independent of the sign of phil, the sum of both integrals of the expressions

(By *xoap *x Z) and (—Py * oap * Z) is equal to

2
—ai,

9 v
|Bv| * oap * ﬁ % e 2PV AP |

Integral of ay Section

Second, we calculate the integrals of the expressions (ay) and (—ay ). For both integrals, there
are four sub-cases depending on the sign of the constants {ay, By}, because the inequality that

defines the integrals’ regions flips direction with gy and the sign of both constants affect the
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standard normal density function.

+ +.
For af; and (3} :

2] T
*€2Z:| :av*(l—@(—a—v))
oV Bv xoap

Qy *
\/‘;V\V+6V*UAP*Z>O V 2 * T _
By*oap

I -z lav| lay|
Qy % e 2 dZ =|a *{1—@(——)}:(1 *(I)(—
/Olv+5v*UAP*Z>o V2T | V| |5V| *OAP | V| |5V| *OAP

DO
*
=

ay
1 —2z2 _z2 | Bvroap oy
—aQy * e 2 d/ = |—ay * x e 2 =—ay*xP| ————
/c1v+6v*aAp*Z<0 V2% V2*T oo Pv x oap
1

—oy * e 2 dJ = —a« *[1—@(—)1: Q *{<b<—)_1]
/cvv+5V*aAP*Z>0 V2% v Bv *oap ’ V| |BV| *OAP

+ -
For af; and f:
V.

1 -z 1 _z2| Bvreap ay
/ Qay * e 2 dZ = |ay * xe 2 =ay x| ———
oy +Py*oAp«xZ>0 2% ﬁV * OAP

1 =22 ay oy |
ay x ——e 2 dZ = |ay *@(—):av *CIJ(—
/av+ﬂv*UAp*Z>0 2 * ™ | _/BV * O-AP | | |/8V| * O-AP

—00

1 —z2 —z2 too ay
—ay * e 2 dZ = l—av * * 62:| = —ay * [1 — @(—)]
/av-I—ﬁv*aAP*Z<O V2xm V2T —Bvi‘(‘T’AP —Pv *oap
1

—z2 Qy lay |
—Qly * e 2 dJ = ay * |:(I3 (—) — 11 = || % |i(I)<—) _ 1:|
/av+6v*mp*Z<0 V2*xT v —Pv *xoap lav] |Bv| * oap

For ay, and S

2]t ay
*62:| :ozv*(l—(b(——))
i Bv xoap

Qy * -
\/C¥V+6V*0'AP*Z>O V 2 X T _
By *o
1

N . it ) ]
Qy ok e 2 dZ = |—« * @ —_ — 1 = ¥ k @ _— — 1
/aVJrﬁv*UAP*Z>0 2w (Fav) { (ﬁv*UAP) } lav] [ <|5V| * OAP

)
*
3
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/ Qy * 1 672ZZdZ— Qy * *6222:| R «Q >|<(I>< av )
—Qy = |—ay = —ay —
ay+Py*oap*Z<0 Vv 2% V 2xm —00 _5V *OAP

—z2 oy |
—ay * e 2 dZ:|aV|*<I>(—)
/av+ﬁv*o’Ap*Z<0 V 2% ﬂ-

|5v| *oAP

For o, and f,:

Xy

1 7Z2 7Z2 _ﬁV*UAP aV
/ Qy * e 2 dZ = |ay * xe 2 =ay x| ——
ay+py*koapxZ>0 V 2% 2% —00 /BV*O-AP

1 2
oo iz F e (2] e o)
ay+By*oapxZ>0 2xT By * oap Bv *x oap

=z ay |Ozv‘
ay * 62dZ:aV*{l—CD(—)}:aV*{<I><—)—1]
/Oév+5v*UAP*Z>0 V2xm By * oap | | |ﬁv! *OAP

-

/ L Zaz { Z] +°o [1 <I>( —av )}
—Qly * e = | —Qy * * e = —Qy * — -
ay+By xoaprZ<0 V2xm V2xm ay Bv * oap

T Bvroap
1

-z ay o |
—oy * e 2 dZ:—aV*CI>(—):|aV|*(I>(—>
/Oév+5V*UAP*Z<0 V2xT Bv * oap ‘/BV| * oApP

We get that independent of the constants {ay/, By} signs, the sum the sum of both integrals

of the expressions (ay) and (—ay) is equal to

; ﬂ)_ }
lay | {2*¢(|ﬁv| P 1

Final Result

Finally, we get that independent of the constants {ay, By } signs, the expression for the one period

ahead expected trading volume is

E[‘/Zl]:/ ((Jév—i-ﬁv*O'Ap*Z)*fde—'—/ —(av+5v*UAP*Z)*deZ
ay+py*oap*Z>0 a

v+Bvxoap*xZ<0

a2,
EVa] = |av| {2 * @(ﬂ) - 1] + [ By | * [O'AP * g * e2PV AP
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C.2 Trading Volume to Price Volatility Elasticity

This part makes use of the expected trading volume derived above, to calculate the expected

trading volume to price volatility elasticity & = %ﬂ‘fl] presented in Section-2.7.

The derivation starts by calculating the derivative of the expected trading volume

o _ OBNVl/EVal _ OEVal | oar
Joap/oap doap  ElVa]

We can divide the expected trading volume in two parts

|Bv| * oap

2 e
OAP * T x e>PvIap |
T

Then, we proceed to derive the first part of the expected volume P, in relation to price volatility

oAP

op,  Oflavlx 2 () 1]}

lov] )
a{ i fdz}
= = |Oév| * 2 %

doap doap doap

2 2
OP) o lovl 1 iz V2L davl | el
= |ay SR et b .
doap |Bv*oap V2xm VT Byl *0kp
Now, we continue by deriving the second part P, of the expected trading volume in relation

to price volatility oap

—

2
a{|ﬁ\/| * IUAP*Q*‘EQ*B%*”QAP]}
ﬁ —a? 2 —ay2
oP *\/5 _ ey \/§ o _—ays
L — 13 av

2 2 2 2
— * 62*’8V*0AP + * * 62*5V*0AP

doap doap N VT By *x oRp

OEWVa] _ 01 +Py) _ V2 aapizoep . P2

Ooap Joap ﬁ OAP

With the previous results, we can proceed to calculate the elasticity &

. 8E[V21]/E[V21] . aE[VQl] OAP (aE[Vzl] ‘o ) “ 1

= = k
doap/oap dopap  E[Va] doap EVa|
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Replacing for the terms P; and P, we get the final expected trading volume to price volatility
elasticity formula ¢ used in section Section-2.7. In the formula below ¢ refers to the standard

normal density function and @ refers to the standard normal CDF.

_ 1 B 1
_ = |av*{2*¢(|BJT*‘gAf>2—l} N - |av/(6V|*C,AP>*[@(_Iﬁ;*vogp)_m}
|Bv % [mp*{;*e%] ﬁ*&ﬁ%%ip

_ 1 B 1
- - |av*[2*<1>(|ﬂv"|’:mf)2—1} - - favl/avloar) (el ) -1
By | [UAP*J\@*@%] d)(‘ﬂ\/l(r*“/;'AP)
= 1 - !
- L 'av*[2*‘1’(|avlc|1v%f)2‘l} N . oI/ oa ) o R ) 1)
——— (k)
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Appendix D Model Daily Regressions Results

In this appendix, I present the daily frequency regressions for the trading volume model outlined
in Section-2.6, along with the elasticity model detailed in Section-2.7.
Tables 8, 13, and 14 below present the regressions (1), (2), and (3) results of the trading volume

model as discussed in Section-4.

V=ay+0yxAp+e (4.1)
OéV:1—|—Oépbel>l<PBEL+Oéamb*AMB+€

6V:1+ﬁaamb*0—amb+ﬁp*a—P+€

V = (c+ apper ¥ PBEL + gy ¥ AMB) |+ (By + Boyy * Tamb + B, % 0p) 5 % (4.2)
Ap + Vi1 + Z;Hl Vp €

AV =c + (aper * APBEL + gy * AAMB) ,  + (Bacams * AOamb + Bas, * (4.3)
AUP)Aﬁ * Ap + (BP + Boury * Camb + ﬂap*AQP * UP)B * AL + AV, +
Zfzm Tp T €

The outcomes of regression (1) in Section-4 for the elasticity model are illustrated in table-15

below.

Alog(V)=c¢ + (fl + & ¥ fiap + Eppet ¥ PBEL + oy x AMB + &, % Py + §,2 % (5.2)
IMQAp + prel2 *PBEL2 + game *AMB2 + €p12 >l<P12 + goamb*aamb + 50'
Ugmb )5 * AZOQ(UAp)+ Alog(V)t_l + Z§:t+1 Tp

*
amb?

The regressions cover the daily period from 2013 to 2018 for the SPY and were conducted on
four distinct datasets: D(1), D(2), D(3) and D(4). Each dataset employs the daily EPU measure
extracted from Twitter as a proxy for Ambiguity, alongside a distinct proxy for differences in prior

beliefs from Stocktwits (Cookson & Niessner, 2020).

Daily Datasets Description

D(1) Prior beliefs differences proxied by PBELw; np and Ambiguity proxied by AMBgpup
D(2) Prior beliefs differences proxied by PBELsc, inp and Ambiguity proxied by AMBgpup
D(3) Prior beliefs differences proxied by PBELw;, grr and Ambiguity proxied by AMBgpup
D(4) Prior beliefs differences proxied by PBELac, grr and Ambiguity proxied by AMBgpup
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Table 8. Daily Regressions ay and [y

This table summarizes the daily regression results for the coefficients oy and fy of the trading
volume formula, as detailed in regression (1) of Section-4. The regressions were performed for
the SPY ETF from 2013 to 2018 using four different daily data sets {D(1), D(2), D(3), D(4)}.
T-values and P-values from the left side to the right are standard OLS, clustered robust and

Newey-West autocorrelation robust values.

ay = ¢+ dgmp ¥ AM B + appe; * PBEL 4 oy, + EZ:t+1 T+ €

Bv = ¢+ Boyy *0amp + 8o, x0p + By, + Zf:m Tt €

D(1) D(2) D(3) D(4)
Panel A: Regression on ay
C 0.15 0.16 0.19 0.16

(3.31) (3.32) (2.80)

[0.00] [0.00] [0.01]
Apbel 0.12

(6.64) (6.66) (5.39)

[0.00] [0.00] [0.00]
Qamb 0.11

(5.10) (5.11) (3.62)

[0.00] [0.00] [0.00]
ay 0.58

(3.46) (3.47) (3.32)
0.00] [0.00] [0.00]
0.08
(4.21) (4.22) (3.46)
0.00] [0.00] [0.00]
0.11
(5.30) (5.31) (3.80)
0.00] [0.00] [0.00]
0.58

(4.06) (4.07) (4.34)
[0.00] [0.00] [0.00]
0.10
(5.16) (5.18) (6.03)
[0.00] [0.00] [0.00]
0.11
(5.13) (5.14) (3.71)
0.00] [0.00] [0.00]
0.58

(3.40) (3.41) (3.43)
[0.00] [0.00] [0.00]
-0.12
(-6.62) (-6.64) (-7.24)
[0.00] [0.00] [0.00]
0.11
(5.37) (5.38) (3.84)
[0.00] [0.00] [0.00]
0.57

o (28.32) (28.41) (17.50) (28.32) (28.41) (17.50) (28.30) (28.38) (16.89) (27.93) (28.01) (16.75)
[0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00]
N 1509 1509 1509 1509
R 0.489 0.481 0.484 0.489
Panel B: Regression on Sy (same for 1, 2, 3, 4)
¢ 0.02 0.02 0.02 0.02

(0.24) (0.24) (0.17)
[0.81] [0.81] [0.86]
Tamb -0.09
(-1.75) (-1.75) (-1.74)
[0.08] [0.08] [0.08]
Aop -0.06
(-1.44) (-1.44) (-1.77)
[0.15] [0.15] [0.08]
By 0.02

o (0.70) (0.70) (0.49)
[0.48] [0.48] [0.62]
N 1509
R? 0.000

(0.24) (0.24) (0.17)
0.81] [0.81] [0.86]
-0.09
(-1.75) (-1.75) (-1.74)
[0.08] [0.08] [0.08]
-0.06
(-1.44) (-1.44) (-1.77)
[0.15] [0.15] [0.08]
0.02
(0.70) (0.70) (0.49)
[0.48] [0.48] [0.62]
1509
0.000

(0.24) (0.24) (0.17)
0.81] [0.81] [0.86]
-0.09
(-1.75) (-1.75) (-1.74)
[0.08] [0.08] [0.08]
-0.06
(-1.44) (-1.44) (-1.77)
[0.15] [0.15] [0.08]
0.02
(0.70) (0.70) (0.49)
[0.48] [0.48] [0.62]
1509
0.000

(0.24) (0.24) (0.17)
[0.81] [0.81] [0.86]
-0.09
(-1.75) (-1.75) (-1.74)
[0.08] [0.08] [0.08]
-0.06
(-1.44) (-1.44) (-1.77)
[0.15] [0.15] [0.08]
0.02
(0.70) (0.70) (0.49)
[0.48] [0.48] [0.62]
1509
0.000
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Table 9. Daily Regressions for Trading Volume

This table summarizes the daily regression results of the trading volume formula, as detailed in
regression (2) of Section-4. The regressions were performed for the SPY ETF from 2013 to 2018
using four different daily data sets {D(1), D(2), D(3), D(4)}. T-values and P-values from the
left side to the right are standard OLS, clustered robust and Newey-West autocorrelation robust
values.

V= (C+apbel*PBEL+aamb*AMB)a + (Bp"‘ﬁo-amb*O-amb—i_ﬁop*ap)ﬂ*AP +%*1+22:t+1 ,-)/p_|_€

D(1)

D(2)

D(@3)

D(4)

¢ -0.11
(-2.46) (-2.47) (-2.15)
[0.01] [0.01] [0.03]
Opbel 0.11
(6.21) (6.23) (5.48)
[0.00] [0.00] [0.00]
Qamb 0.10
(5.02) (5.04) (3.78)
[0.00] [0.00] [0.00]
Bp -0.33
(-14.87) (-14.93) (-8.32)
[0.00] [0.00] [0.00]
Bgamb -0.05
(-1.96) (-1.96) (-1.30)
[0.05] [0.05] [0.20]
,ng 0.10
(4.18) (4.19) (2.37)
[0.00] [0.00] [0.02]

By 0.61

o (32.09) (32.22) (17.38)
[0.00] [0.00] [0.00]
N 1510
R? 0.538

-0.09
(-2.16) (-2.17) (-2.06)
[0.03] [0.03] [0.04]
0.08
(4.13) (4.15) (3.64)
[0.00] [0.00] [0.00]
0.10
(5.17) (5.19) (3.94)
[0.00] [0.00] [0.00]
-0.33
(-15.04) (-15.10) (-8.48)
[0.00] [0.00] [0.00]
-0.05
(-2.05) (-2.06) (-1.37)
[0.04] [0.04] [0.17]
0.10
(4.08) (4.10) (2.29)
[0.00] [0.00] [0.02]
0.61
(32.01) (32.14) (17.61)
[0.00] [0.00] [0.00]
1510
0.532

-0.08
(-1.84) (-1.85) (-2.02)
0.07] [0.07] [0.04]
0.07
(3.50) (3.51) (3.85)
0.00] [0.00] [0.00]
0.10
(5.11) (5.13) (3.92)
[0.00] [0.00] [0.00]
-0.33
(-14.68) (-14.74) (-8.16)
0.00] [0.00] [0.00]
-0.05
(-2.11) (-2.12) (-1.40)
[0.03] [0.03] [0.16]
0.09
(3.94) (3.96) (2.18)
[0.00] [0.00] [0.03]
0.61
(32.00) (32.13) (16.97)
[0.00] [0.00] [0.00]
1510
0.53

-0.10
(-2.40) (-2.41) (-2.54)
[0.02] [0.02] [0.01]
-0.13
(-7.39) (-7.42) (-7.70)
[0.00] [0.00] [0.00]
0.10
(5.30) (5.32) (4.10)
[0.00] [0.00] [0.00]
-0.33
(-15.32) (-15.38) (-8.71)
[0.00] [0.00] [0.00]
-0.05
(-2.15) (-2.16) (-1.44)
[0.03] [0.03] [0.15]
0.10
(4.25) (4.27) (2.41)
[0.00] [0.00] [0.02]
0.60
(31.68) (31.81) (16.91)
[0.00] [0.00] [0.00]
1510
0.543
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Table 10. Daily Regressions for ATrading Volume

This table summarizes the daily regression results of the first difference trading volume formula,
as detailed in regression (3) of Section-4. The regressions were performed for the SPY ETF from
2013 to 2018 using four different daily data sets {D(1), D(2), D(3), D(4)}. T-values and P-values
from the left side to the right are standard OLS, clustered robust and Newey-West autocorrelation
robust values.

AV =c¢ + (apbel x* APBEL + oy * AAMB)AQ -+ (5A0amb * AOgmp + 5A‘7p * AUP)Aﬁ * Ap +
(BP + 5Uamb * Oamb + /BUP*A?) * UP),B * A%’ + A‘/tfl + ZZ=t+1 7p +e€

D(1)

D(2)

D(3)

D(4)

¢ -0.01
(-0.15) (-0.15) (-0.27)
[0.88] [0.88] [0.78]
Apbel 0.13
(5.46) (5.49) (4.59)
[0.00] [0.00] [0.00]
Qamb 0.12
(5.11) (5.14) (3.59)
[0.00] [0.00] [0.00]
Bp -0.23
(-7.70) (-7.74) (-4.89)
[0.00] [0.00] [0.00]
Bgamb -0.05
(-1.52) (-1.53) (-1.17)
[0.13] [0.13] [0.24]
amb -0.02
(-0.75) (-0.75) (-0.26)
[0.45] [0.45] [0.79]

BAo

Bop*aty 0.11
(3.68) (3.69) (2.63)
[0.00] [0.00] [0.01]
-0.04
(-1.57) (-1.58) (-0.48)
[0.12] [0.12] [0.63]
Bv -0.29

BAO’p

o (-11.84) (-11.90) (-8.61)
[0.00] [0.00] [0.00]
N 1509
R? 0.176

-0.01
(-0.15) (-0.15) (-0.28)
[0.88] [0.88] [0.78]
0.08
(3.53) (3.55) (2.93)
[0.00] [0.00] [0.00]
0.12
(5.21) (5.24) (3.62)
[0.00] [0.00] [0.00]
-0.23
(-7.56) (-7.59) (-4.81)
[0.00] [0.00] [0.00]
-0.05
(-1.59) (-1.60) (-1.21)
0.11] [0.11] [0.23]
-0.02
(-0.73) (-0.74) (-0.25)
[0.46] [0.46] [0.80]
0.11

(3.49) (3.51) (2.47)
[0.00] [0.00] [0.01]
-0.04
(-1.47) (-1.48) (-0.45)
[0.14] [0.14] [0.65]
-0.30
(-12.13) (-12.19) (-8.93)
[0.00] [0.00] [0.00]
1509
0.167

-0.01
(-0.16) (-0.16) (-0.29)
[0.88] [0.88] [0.77]
0.08
(3.18) (3.20) (3.43)
[0.00] [0.00] [0.00]
0.12
(5.10) (5.12) (3.53)
[0.00] [0.00] [0.00]
-0.22
(-7.28) (-7.32) (-4.64)
[0.00] [0.00] [0.00]
-0.05
(-1.65) (-1.65) (-1.24)
0.10] [0.10] [0.21]
-0.02
(-0.75) (-0.76) (-0.26)
[0.45] [0.45] [0.79]
0.11
(3.40) (3.42) (2.37)
0.00] [0.00] [0.02]
-0.03
(-1.40) (-1.40) (-0.42)
[0.16] [0.16] [0.67]
-0.30
(-12.07) (-12.12) (-9.17)
[0.00] [0.00] [0.00]
1509
0.166

-0.01
(-0.16) (-0.16) (-0.29)
[0.87] [0.87] [0.77]
-0.15
(-6.27) (-6.29) (-6.65)
[0.00] [0.00] [0.00]
0.12
(5.23) (5.25) (3.62)
[0.00] [0.00] [0.00]
-0.23
(-7.78) (-7.81) (-4.95)
[0.00] [0.00] [0.00]
-0.05
(-1.65) (-1.65) (-1.24)
[0.10] [0.10] [0.21]
-0.02
(-0.76) (-0.76) (-0.26)
[0.45] [0.45] [0.80]
0.11
(3.55) (3.56) (2.44)
[0.00] [0.00] [0.01]
-0.04
(-1.43) (-1.44) (-0.42)
[0.15] [0.15] [0.67]
-0.30
(-12.10) (-12.15) (-9.06)
[0.00] [0.00] [0.00]
1509
0.181
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Table 11. Daily Regressions for Trading Volume Elasticity &

This table summarizes the daily regression of the elasticity model, as detailed in regression (1)
of Section-5. The regressions were performed for the SPY ETF from 2013 to 2018 using four
different daily data sets {D(1), D(2), D(3), D(4)}.

AlOg(V) =c+ (51+§/.L*MAp+§pbel*PBEL+§amb*AMB+€p1*P1+§/1,2*/~52Ap+§pbel2*PBEL2+§AMBQ*
AMB?+¢,,> *P12+§Uamb*0-amb+§o'AMBQ xa2 )f * Alog(oap)+ Alog(V)i—1+ Z;F:Hl Yo

D(1)

D(2)

D(3)

D(4)

-0.01
(-0.37) (-0.37) (-0.62)
[0.71] [0.71] [0.54]

-0.01
(-0.39) (-0.39) (-0.64)
[0.70] [0.70] [0.52]

-0.01
(-0.37) (-0.38) (-0.62)
(0.71] [0.71] [0.53]

-0.01
(-0.44) (-0.44) (-0.73)
[0.66] [0.66] [0.46]

& 13.59 13.86 13.49 14.27
(9.89) (9.95) (8.13) (9.93) (9.99) (8.09) (9.96) (10.02) (8.22) (10.12) (10.18) (8.78)
[0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00]
P -0.01 -0.01 -0.01 -0.00
(-0.37) (-0.37) (-0.30) (-0.46) (-0.46) (-0.36) (-0.76) (-0.77) (-0.61) (-0.00) (-0.00) (-0.00)
[0.71] [0.71] [0.76] [0.65] [0.64] [0.72] [0.44] [0.44] [0.54] [1.00] [1.00] [1.00]
Epbel -0.02 -0.04 -0.38 0.05
(-0.36) (-0.36) (-0.31) (-0.87) (-0.87) (-0.78) (-1.73) (-1.74) (-1.45) (1.37) (1.38) (0.99)
[0.72] [0.72] [0.76] [0.39] [0.38] [0.43] [0.08] [0.08] [0.15] [0.17] [0.17] [0.32]
Eamb -0.08 -0.08 -0.08 -0.07
(-3.34) (-3.36) (-3.34) (-3.23) (-3.25) (-2.98) (-3.32) (-3.34) (-3.41) (-2.88) (-2.90) (-2.95)
[0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00]
I 0.02 0.03 0.04 0.02
(1.24) (1.25) (0.96) (1.34) (1.34) (0.95) (1.79) (1.80) (1.30) (1.28) (1.29) (0.86)
0.21] [0.21] [0.34] [0.18] [0.18] [0.34] [0.07] [0.07] [0.19] [0.20] [0.20] [0.39]
£, -0.04 -0.03 -0.04 -0.03
(-3.02) (-3.04) (-2.68) (-2.97) (-2.99) (-2.24) (-3.34) (-3.36) (-2.97) (-2.29) (-2.31) (-1.94)
[0.00] [0.00] [0.01] [0.00] [0.00] [0.03] [0.00] [0.00] [0.00] [0.02] [0.02] [0.05]
Epper? 0.03 0.04 0.38 -0.04
(0.46) (0.46) (0.42) (0.80) (0.81) (0.76) (1.76) (1.77) (1.47) (-0.99) (-0.99) (-0.75)
[0.65] [0.64] [0.67] [0.42] [0.42] [0.45] [0.08] [0.08] [0.14] 0.32] [0.32] [0.45]
Eamp? 0.07 0.07 0.07 0.06
(3.46) (3.48) (3.67) (3.39) (3.41) (3.30) (3.44) (3.47) (3.79) (3.07) (3.09) (3.23)
[0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00]
&2 0.04 0.04 0.04 0.03
(1.92) (1.93) (1.65) (1.86) (1.87) (1.59) (2.31) (2.32) (2.14) (1.70) (1.71) (1.49)
[0.06] [0.05] [0.10] 0.06] [0.06] [0.11] [0.02] [0.02] [0.03] [0.09] [0.09] [0.14]
oo -0.11 -0.10 -0.08 -0.11
(-1.75) (-1.76) (-1.56) (-1.54) (-1.55) (-1.37) (-1.22) (-1.22) (-1.02) (-1.77) (-1.78) (-1.52)
0.08] [0.08] [0.12] [0.12] [0.12] [0.17] [0.22] [0.22] [0.31] [0.08] [0.08] [0.13]
€ 0.11 0.09 0.08 0.10
(1.65) (1.66) (1.53) (1.43) (1.44) (1.34) (1.16) (1.17) (1.04) (1.61) (1.62) (1.48)
[0.10] [0.10] [0.13] [0.15] [0.15] [0.18] [0.25] [0.24] [0.30] [0.11] [0.10] [0.14]
N 1510 1510 1510 1510
R? 0.204 0.204 0.206 0.206
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Appendix E Model Daily Regressions Results with
Volatility Controls

In this appendix, I present the daily frequency regressions for the trading volume model outlined
in Section-2.6, along with the elasticity model detailed in Section-2.7.
Tables 8, 13, and 14 below present the regressions (1), (2), and (3) results of the trading volume

model as discussed in Section-4.

V=ay+py*xAp+e ()
T
ay = ¢+ Qppet * PBEL 4 qgmp * AM B + agmpe ¥ AM B * 04 + 1 + Z Vp t+ €
p=t+1
T
BV =c+ Baamb * Ogmb T ﬁhoamb * Oagmb * Ihoamb + ﬁop *op+ ﬁt—l + Z p +€
p=t+1
V= (c + pper ¥ PBEL + ogmp * AM B + Qampe * AM B aamb)a + (4.2)

(ﬁp + ﬁaamb * Oamb + Bhaamb * Oamb * [hadmb + 50’;, * O—P)B * AP + Gt—1 % V;—l +
T
Zp:tJrl Tp Tt €

AV =c¢ + (aphet * APBEL + Qgmp * AAM B + Qgmpe ¥ AAM B * 0 gmp) (4.3)

Ao
+ (ﬁAaamb * Ao gmp + ﬁhAcramb * ACymp * [hUamb + BAUP * AGP)AB *Ap +
(BP + Bours * Tamb + Bhowy * Tamb * Iho,,, + ﬁgpAfD * O'P>B * A% 4G *

A‘/t—l + szo;t-&-l 71) + €

The outcomes of regression (1) in Section-4 for the elasticity model are illustrated in table-15

below.

Alog(V) =¢ + ( &+ Euxping + Epper * PBEL + &y x AMB + €2 >x<,u2Ap + ez (5.2)
PBEL? + game * AM B® + gaamb * Ogmb + ghaamb * Oamb * Ihaamb + gagmb *
Ugmb + ghasmb*a(gmb*[haamb )5 * Alog(o-Ap)+ gt*l*AlOvQ(‘/)t*l—i_ ZZ=t+1 f)/p

The regressions cover the daily period from 2013 to 2018 for the SPY and were conducted on
four distinct datasets: D(1), D(2), D(3) and D(4) used in the previous appendix. The dummy

Iy, marks days with high levels of ambiguity above the 50% quantile of the sample.

mb

73



Table 12. Daily Regressions ay and Sy

This table summarizes the daily regression results for the coefficients oy and fy of the trading
volume formula, as detailed in regression (1) of Section-4. The regressions were performed for
the SPY ETF from 2013 to 2018 using four different daily data sets {D(1), D(2), D(3), D(4)}.
T-values and P-values from the left side to the right are standard OLS, clustered robust and
Newey-West autocorrelation robust values.

ay = ¢+ Qppe ¥ PBEL + qtgmp * AM B + Qampo * AM B % 0gmp + 1 + Z;Hl Y+ €

ﬁV =c+ /Bgamb *OTAMB T Bhaamb * Ogmb * [haamb + 6019 *Oop + ﬁt—l + ZZ:HJ Yp +e€

D(1) D(2) D(3) D(4)
Panel A: Regression on avy
c 0.13 0.14 0.17 0.13

(2.79) (2.79) (2.56) (2.97) (2.98) (3.07) (3.53) (3.54) (4.00) (2.91) (2.92) (3.09)

[0.01] [0.01] [0.01] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00]
Opbel 0.13 0.08 0.10 -0.12
(6.80) (6.82) (5.55) (4.36) (4.37) (3.63) (4.96) (4.97) (5.73) (-6.31) (-6.33) (-6.94)
[0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00]
damb 0.16 0.16 0.15 0.15
(6.77) (6.79) (4.12) (6.90) (6.93) (4.21) (6.58) (6.60) (4.03) (6.69) (6.72) (4.08)
[0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00]
Qambo -0.10 -0.10 -0.09 -0.09
(-4.81) (-4.83) (-3.83) (-4.72) (-4.73) (-3.80) (-4.35) (-4.36) (-3.53) (-4.13) (-4.14) (-3.44)
[0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00]
ap 1 0.56 0.56 0.56 0.56
(27.18) (27.27) (17.60) (27.18) (27.27) (17.49) (27.26) (27.35) (16.75) (26.97) (27.06) (16.68)
[0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00]
N 1509 1509 1509 1509
R? 0.497 0.488 0.49 0.495
Panel B: Regression on By (same for 1, 2, 3, 4)
c 0.05 0.05 0.05 0.05
(0.54) (0.55) (0.41) (0.54) (0.55) (0.41) (0.54) (0.55) (0.41) (0.54) (0.55) (0.41)
[0.59] [0.59] [0.68] [0.59] [0.59] [0.68] [0.59] [0.59] [0.68] [0.59] [0.59] [0.68]
B b -0.02 -0.02 -0.02 -0.02
(-0.16) (-0.16) (-0.18) (-0.16) (-0.16) (-0.18) (-0.16) (-0.16) (-0.18) (-0.16) (-0.16) (-0.18)
[0.87] [0.87] [0.86] [0.87] [0.87] [0.86] [0.87] [0.87] [0.86] [0.87] [0.87] [0.86]
Bho ams -0.10 -0.10 -0.10 -0.10

(-0.75) (-0.75) (-0.75) (-0.75) (-0.75) (-0.75) (-0.75) (-0.75) (-0.75) (-0.75) (-0.75) (-0.75)

[0.46] [0.45] [0.45) [0.46] [0.45] [0.45]
Bo, -0.06 -0.06
(-1.44) (-1.44) (-1.78) (-1.44) (-1.44) (-1.78)
[0.15] [0.15] [0.08] [0.15] [0.15] [0.08]
Bi-1 0.02 0.02
(0.70) (0.70) (0.49) (0.70) (0.70) (0.49)
[0.49] [0.48] [0.62] [0.49] [0.48] [0.62]
N 1509 1509
R? 0.000 0.000

[0.46] [0.45] [0.45]
-0.06
(-1.44) (-1.44) (-1.78)
[0.15] [0.15] [0.08]
0.02
(0.70) (0.70) (0.49)
[0.49] [0.48] [0.62]
1509
0.000

[0.46] [0.45] [0.45]
-0.06
(-1.44) (-1.44) (-1.78)
[0.15] [0.15] [0.08]
0.02
(0.70) (0.70) (0.49)
[0.49] [0.48] [0.62]
1509
0.000
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Table 13. Daily Regressions for Trading Volume

This table summarizes the daily regression results of the trading volume formula, as detailed in
regression (2) of Section-4. The regressions were performed for the SPY ETF from 2013 to 2018
using four different daily data sets {D(1), D(2), D(3), D(4)}. T-values and P-values from the
left side to the right are standard OLS, clustered robust and Newey-West autocorrelation robust

values.

V = (c+ apper ¥ PBEL + 0oy ¥ AM B + Qo ¥ AM B % 0qmp) . +
(Bp + 50'(””1, * Tamb + Bhaamb * Ogmp * [haamb + ﬂap * O—P)ﬁ * AP + Gt—1 * ‘/;,1 + EZ=t+1 "Yp +€

D(1)

D(2)

D(3)

D(4)

Apbel

Qamb

Cambo

Pp

Bo

amb

Bhaamb

St—1

-0.13
(-2.96) (-2.97) (-2.77)
0.00] [0.00] [0.01]
0.11
(6.29) (6.32) (5.58)
0.00] [0.00] [0.00]
0.13
(6.03) (6.06) (4.23)
[0.00] [0.00] [0.00]
-0.07
(-3.45) (-3.47) (-2.68)
[0.00] [0.00] [0.01]
-0.34
(-10.42) (-10.47) (-5.95)
[0.00] [0.00] [0.00]
-0.07
(-1.91) (-1.92) (-1.34)
[0.06] [0.05] [0.18]
0.07
(0.92) (0.92) (0.55)
[0.36] [0.36] [0.58]
0.10
(4.16) (4.18) (2.43)
[0.00] [0.00] [0.02]
0.60
(31.13) (31.27) (17.41)
0.00] [0.00] [0.00]
1510
0.542

-0.12
(-2.64) (-2.65) (-2.65)
0.01] [0.01] [0.01]
0.08
(4.22) (4.24) (3.78)
[0.00] [0.00] [0.00]
0.14
(6.14) (6.17) (4.31)
[0.00] [0.00] [0.00]
-0.07
(-3.40) (-3.41) (-2.65)
0.00] [0.00] [0.01]
-0.35
(-10.56) (-10.61) (-6.07)
[0.00] [0.00] [0.00]
-0.07
(-2.00) (-2.01) (-1.41)
[0.05] [0.04] [0.16]
0.07
(0.95) (0.95) (0.58)
[0.34] [0.34] [0.56]
0.10
(4.06) (4.08) (2.34)
[0.00] [0.00] [0.02]
0.60
(31.05) (31.20) (17.58)
0.00] [0.00] [0.00]
1510
0.535

-0.10
(-2.31) (-2.32) (-2.62)
0.02] [0.02] [0.01]
0.06
(3.33) (3.34) (3.69)
[0.00] [0.00] [0.00]
0.13
(5.95) (5.98) (4.15)
[0.00] [0.00] [0.00]
-0.06
(-3.11) (-3.12) (-2.44)
0.00] [0.00] [0.01]
-0.34
(-10.32) (-10.37) (-5.78)
[0.00] [0.00] [0.00]
-0.08
(-2.01) (-2.02) (-1.38)
[0.04] [0.04] [0.17]
0.07
(0.91) (0.92) (0.54)
[0.36] [0.36] [0.59]
0.09
(3.92) (3.94) (2.22)
[0.00] [0.00] [0.03]
0.60
(31.12) (31.27) (16.86)
0.00] [0.00] [0.00]
1510
0.533

-0.12
(-2.78) (-2.79) (-3.06)
[0.01] [0.01] [0.00]
-0.13
(-7.13) (-7.17) (-7.54)
[0.00] [0.00] [0.00]
0.13
(5.92) (5.95) (4.18)
[0.00] [0.00] [0.00]
-0.06
(-2.70) (-2.71) (-2.20)
[0.01] [0.01] [0.03]
-0.35
(-10.70) (-10.75) (-6.12)
[0.00] [0.00] [0.00]
-0.07
(-1.99) (-2.00) (-1.40)
[0.05] [0.05] [0.16]
0.06
(0.85) (0.85) (0.52)
[0.40] [0.40] [0.61]
0.10
(4.20) (4.22) (2.45)
[0.00] [0.00] [0.01]
0.59
(30.91) (31.05) (16.83)
[0.00] [0.00] [0.00]
1510
0.545
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Table 14. Daily Regressions for ATrading Volume

This table summarizes the daily regression results of the first difference trading volume formula,
as detailed in regression (3) of Section-4. The regressions were performed for the SPY ETF from
2013 to 2018 using four different daily data sets {D(1), D(2), D(3), D(4)}. T-values and P-values
from the left side to the right are standard OLS, clustered robust and Newey-West autocorrelation
robust values.

AV =c + (appa * APBEL + gy * AAM B + gmpe ¥ AAMB 5 0gmp) 5
+ (BAaamb * AO'amb + ﬁhAaamb * AUow’nb * ]ha'amb + ﬁAo'p * AUP) AB * AP + (ﬂP + ﬁaamb * Tamb +

T
Bhoams * Tamb * Ihogm, + Bo,n2, * Up)ﬁ * A+ x AVia+ 3t

D(1)

D(2)

D(3)

D(4)

apbel 0.12 0.08 0.07 -0.15
(5.28) (5.31) (4.63) (3.37) (3.39) (2.89) (3.06) (3.07) (3.28) (-6.29) (-6.32) (-6.73)
[0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00]
damb 0.13 0.13 0.13 0.13
(5.17) (5.20) (3.77) (5.23) (5.26) (3.78) (5.15) (5.18) (3.74) (5.28) (5.31) (3.86)
[0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00]
dambo -0.00 -0.00 -0.00 -0.00
(-0.16) (-0.16) (-0.10) (-0.04) (-0.04) (-0.03) (-0.14) (-0.14) (-0.09) (-0.14) (-0.14) (-0.09)
[0.87] [0.87] [0.92] [0.96] [0.96] [0.98] [0.89] [0.89] [0.93] [0.89] [0.89] [0.93]
Bp 0.22 0.23 -0.22 0.24
(-4.96) (-4.99) (-3.32) (-5.02) (-5.05) (-3.36) (-4.83) (-4.86) (-3.26) (-5.28) (-5.31) (-3.54)
[0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00]
Bo s -0.04 -0.05 -0.05 -0.06
(-0.77) (-0.78) (-0.69) (-0.97) (-0.97) (-0.85) (-1.00) (-1.00) (-0.86) (-1.12) (-1.12) (-0.99)
[0.44] [0.44] [0.49] [0.33] [0.33] [0.40] [0.32] [0.32] [0.39] [0.26] [0.26] [0.32]
Bhowms 0.02 0.04 0.04 0.05
(0.20) (0.20) (0.15) (0.41) (0.41) (0.31) (0.40) (0.40) (0.30) (0.56) (0.56) (0.42)
[0.84] [0.84] [0.88] [0.68] [0.68] [0.76] [0.69] [0.69] [0.76] [0.58] [0.57] [0.67]
Bro, 0.11 0.11 0.11 0.11
(3.25) (3.27) (2.72) (3.29) (3.30) (2.73) (3.30) (3.32) (2.72) (3.36) (3.37) (2.64)
[0.00] [0.00] [0.01] [0.00] [0.00] [0.01] [0.00] [0.00] [0.01] [0.00] [0.00] [0.01]
BhAGams -0.27 -0.28 -0.28 -0.28
(-5.69) (-5.73) (-4.24) (-5.74) (-5.77) (-4.28) (-5.78) (-5.81) (-4.21) (-5.86) (-5.89) (-4.19)
[0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00]
BopAp 0.13 0.12 0.12 0.12
(4.02) (4.04) (2.99) (3.81) (3.84) (2.81) (3.73) (3.76) (2.70) (3.86) (3.89) (2.77)
[0.00] [0.00] [0.00] [0.00] [0.00] [0.01] [0.00] [0.00] [0.01] [0.00] [0.00] [0.01]
BArop -0.06 -0.06 -0.06 -0.06
(-2.41) (-2.43) (-0.98) (-2.34) (-2.35) (-0.96) (-2.26) (-2.27) (-0.91) (-2.30) (-2.32) (-0.91)
[0.02] [0.02] [0.33] [0.02] [0.02] [0.34] [0.02] [0.02] [0.36] [0.02] [0.02] [0.36]
St—1 -0.31 -0.31 -0.31 -0.31
(-12.51) (-12.58) (-9.66)  (-12.79) (-12.87) (-9.94)  (-12.74) (-12.81) (-10.20)  (-12.78) (-12.85) (-10.00)
[0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00]
N 1509 1509 1509 1509
R? 0.192 0.184 0.182 0.199

0.01
(0.09) (0.09) (0.17)
[0.93] [0.92] [0.86]

0.01
(0.10) (0.10) (0.18)
[0.92] [0.92] [0.86]

0.01
(0.09) (0.09) (0.16)
[0.93] [0.93] [0.87]

0.01
(0.09) (0.09) (0.16)
[0.93] [0.93] [0.87]
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Table 15. Daily Regressions for Trading Volume Elasticity &

This table summarizes the daily regression of the elasticity model, as detailed in regression (1)
of Section-5. The regressions were performed for the SPY ETF from 2013 to 2018 using four
different daily data sets {D(1), D(2), D(3), D(4)}.

Alog(V) =c + ( &+ Euxpap + Epper ¥ PBEL + &gy AMB + €2 */’LQAp + &perz * PBEL? +
Eampz ¥ AMB? + &5 % Tamb + Ehogmny, * Tamb * Thog, + o2 Tamp T ho? ¥ Tomp *

Tho s )5 * Alog(oap) + si—1 % Alog(V )1 + Z;f:m Tp

D(1)

D(2)

D(3)

D(4)

-0.02
(-1.04) (-1.04) (-1.56)
[0.30] [0.30] [0.12]

-0.02
(-1.07) (-1.08) (-1.60)
[0.28] [0.28] [0.11]

-0.02
(-1.02) (-1.03) (-1.52)
[0.31] [0.30] [0.13]

-0.02
(-1.08) (-1.09) (-1.64)
[0.28] [0.28] [0.10]

& 30.65 31.47 30.22 30.50
(5.43) (5.47) (5.26) (5.39) (5.42) (5.27) (5.47) (5.51) (4.60) (5.61) (5.64) (5.29)
[0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00]
P -0.00 -0.00 -0.00 0.01
(-0.06) (-0.06) (-0.07) (-0.13) (-0.13) (-0.13) (-0.27) (-0.27) (-0.27) (0.73) (0.74) (0.76)
[0.95] [0.95] [0.95] [0.90] [0.89] [0.89] [0.79] [0.79] [0.79] [0.46] [0.46] [0.45]
Epbel -0.02 -0.02 -0.20 0.06
(-0.37) (-0.37) (-0.36) (-0.50) (-0.50) (-0.49) (-0.95) (-0.95) (-0.73) (1.53) (1.54) (1.38)
[0.71] [0.71] [0.72] [0.62] [0.62] [0.62] [0.34] [0.34] [0.46] [0.13] [0.12] [0.17]
Eamb -0.08 -0.08 -0.08 -0.07
(-3.31) (-3.33) (-3.39) (-3.20) (-3.22) (-3.19) (-3.27) (-3.29) (-3.44) (-2.92) (-2.94) (-2.94)
[0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00]
£, -0.02 -0.02 -0.02 -0.01
(-1.73) (-1.74) (-1.84) (-1.84) (-1.85) (-1.62) (-1.89) (-1.91) (-1.78) (-1.14) (-1.15) (-1.12)
[0.08] [0.08] [0.07] [0.07] [0.06] [0.11] [0.06] [0.06] [0.08] [0.25] [0.25] [0.26]
Epper 0.02 0.02 0.20 -0.05
(0.36) (0.37) (0.36) (0.37) (0.37) (0.36) (0.95) (0.96) (0.74) (-1.18) (-1.18) (-1.07)
[0.72] [0.71] [0.72] [0.71] [0.71] [0.72] [0.34] [0.34] [0.46] [0.24] [0.24] [0.29]
Eamp? 0.07 0.07 0.07 0.07
(3.72) (3.75) (3.74) (3.69) (3.71) (3.58) (3.71) (3.73) (3.89) (3.35) (3.37) (3.26)
[0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00]
ourn -0.73 -0.74 -0.71 -0.71
(-3.56) (-3.58) (-3.48) (-3.55) (-3.57) (-3.49) (-3.45) (-3.47) (-2.95) (-3.56) (-3.59) (-3.50)
[0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00]
Ehoys -0.24 -0.24 -0.24 -0.23
(-2.12) (-2.14) (-2.12) (-2.16) (-2.17) (-2.22) (-2.12) (-2.13) (-1.97) (-2.10) (-2.12) (-2.22)
[0.03] [0.03] [0.03] [0.03] [0.03] [0.03] [0.03] [0.03] [0.05] [0.04] [0.03] [0.03]
€2 0.74 0.76 0.72 0.72
(3.54) (3.56) (3.44) (3.52) (3.54) (3.45) (3.41) (3.43) (2.91) (3.51) (3.54) (3.37)
[0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00]
Eho2 0.04 0.04 0.05 0.04
(0.55) (0.55) (0.50) (0.55) (0.56) (0.52) (0.58) (0.59) (0.54) (0.55) (0.56) (0.53)
[0.58] [0.58] [0.62] [0.58] [0.58] [0.60] [0.56] [0.56] [0.59] [0.58] [0.58] [0.60]
st 1 -0.38 -0.38 -0.39 -0.38
(-16.73) (-16.83) (-18.74)  (-16.71) (-16.82) (-18.76)  (-16.77) (-16.87) (-18.74)  (-16.62) (-16.72) (-18.51)
[0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00]
N 1510 1510 1510 1510
R? 0.208 0.208 0.208 0.21
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Appendix F Model Monthly Regressions Results

In this appendix, I present the monthly frequency regressions for the trading volume model out-
lined in Section-2.6. These regressions cover the monthly periods 2013-2018 and 2000-2020.
Tables 16, 17, and 18 below present the regressions (1), (2) and (3) results of the trading

volume model as discussed in Section-4.

V=ay+0yxAp+e (4.1)
OéV:1—|—Oépbel>l<PBEL+Oéamb*AMB+€

6V:1+ﬁaamb*0—amb+ﬁp*a—P+€

V = (¢+ aper ¥ PBEL + gy * AMB) 4 (By + Boyy * Tamb + B, % 0p)
Ap + Vi1 + Zz:t—‘,—l Tp T €

g% (4.2)

AV =c + (aper * APBEL + gy * AAMB) ,  + (Bacams * AOamb + Bas, * (4.3)
AUP)Aﬁ * Ap + (BP + Boury * Camb + ﬂap*AQP * UP)B * AL + AV, +
Zfzm Tp T €

The regressions using datasets D(1) to D(8) cover the monthly period from 2013 to 2018 for
the SPY. The regressions using the datasets D(9) to D(10) cover the monthly period from 2000
to 2020. Datasets (1) ,(2), (3), (4) and (9) employ the monthly EPU measure extracted from
newspapers as a proxy for Ambiguity, alongside a distinct proxy for differences in prior beliefs
extracted from Stocktwits (Cookson & Niessner, 2020) and the IBES database. Datasets (4), (5),
(6), (7) and (10) employ the monthly Ambiguity measure of Izhakian (2020).

Monthly Datasets Description
D(1)  Prior beliefs differences proxied by PBELw; vp and Ambiguity proxied by AMBgpuwm

D(2)  Prior beliefs differences proxied by PBELAc, inp and Ambiguity proxied by AMBgpum
D(3)  Prior beliefs differences proxied by PBELw; grr and Ambiguity proxied by AMBgpuum
D(4)  Prior beliefs differences proxied by PBELAc, grr and Ambiguity proxied by AMBgpum
D(5)  Prior beliefs differences proxied by PBELw1 np and Ambiguity proxied by AMBizuu
D(6)  Prior beliefs differences proxied by PBELac, inp and Ambiguity proxied by AMBizuwm
D(7)  Prior beliefs differences proxied by PBELw; grr and Ambiguity proxied by AMBizum
D(8)  Prior beliefs differences proxied by PBELc, grr and Ambiguity proxied by AMBizmu
D(9)  Prior beliefs differences proxied by PBELggs and Ambiguity proxied by AMBgpym
D(10) Prior beliefs differences proxied by PBELggs and Ambiguity proxied by AMBizpm
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Table 16. Monthly Regressions ay and Sy

This table summarizes the monthly regression results for the coefficients ay, and Sy of the trading
volume formula, as detailed in regression (1) of Section-4. The regressions were performed for the
SPY ETF using ten different monthly data sets {D(1), D(2), D(3), D(4), D(6), D(7), D(8), D(9),
D(10)}. T-values and P-values from the left side to the right are standard OLS, clustered robust
and Newey-West autocorrelation robust values.

ay = ¢+ Ogmp * AM B + aype ¥ PBEL 4 oy, | + ZZ:tH Yo+ €

/BV:C+/Baamb*O-AMB+/80P*O-P+/6‘/tfl+zz:t+1ryp+6

D(1) D(2) D(3) D(4) D(5)
Panel A: Regression on ay
c -0.33 -0.38 -0.19 -0.34 -0.10
(-2.57) (-2.74) (-5.21)  (-2.85) (-3.05) (-5.43)  (-1.29) (-1.38) (-1.68)  (-2.62) (-2.80) (-6.39)  (-1.04) (-1.11) (-1.20)
[0.01] [0.01] [0.00] [0.01] [0.00] [0.00] [0.20] [0.17] [0.10] [0.01] [0.01] [0.00] [0.30] [0.27] [0.24]
Qpbel -0.04 -0.08 0.11 -0.04 -0.06
(-0.64) (-0.68) (-0.67)  (-1.35) (-1.45) (-1.64) (1.52) (1.63) (1.30) (-0.81) (-0.87) (-0.89)  (-1.42) (-1.52) (-1.61)
[0.53] [0.50] [0.50] [0.18] [0.15] [0.11] [0.13] [0.11] [0.20] [0.42] [0.39] [0.38] [0.16] [0.13] [0.11]
Qamb 0.23 0.23 0.20 0.23 0.46
(2.40) (2.57) (1.99) (2.38) (2.54) (2.07) (1.99) (2.13) (1.99) (2.37) (2.53) (1.95) (8.82) (9.43) (4.61)
[0.02] [0.01] [0.05] [0.02] [0.01] [0.04] [0.05] [0.04] [0.05] [0.02] [0.01] [0.06] [0.00] [0.00] [0.00]
avt_l 0.16 0.17 0.11 0.16 -0.20
(1.25) (1.34) (1.31) (1.31) (1.40) (1.31) (0.84) (0.90) (0.78) (1.25) (1.34) (1.28) (-1.97) (-2.11) (-2.60)
[0.22] [0.19] [0.19] [0.20] [0.17] [0.19] [0.40] [0.37] [0.44] [0.21] [0.18] [0.21] [0.05] [0.04] [0.01]
N 72 72 72 72 72
R? 0.255 0.271 0.277 0.258 0.636
Panel B: Regression on By (same for 1, 2, 3, 4)
c 0.05 0.05 0.05 0.05 0.14
(0.16) (0.17) (0.17) (0.16) (0.17) (0.17) (0.16) (0.17) (0.17) (0.16) (0.17) (0.17) (0.38) (0.40) (0.45)
[0.87] [0.87] [0.86] [0.87] [0.87] [0.86] [0.87] [0.87] [0.86] [0.87] [0.87] [0.86] [0.71] [0.69] [0.65]
Tamb -0.15 -0.15 -0.15 -0.15 0.17
(-0.60) (-0.64) (-0.43)  (-0.60) (-0.64) (-0.43)  (-0.60) (-0.64) (-0.43)  (-0.60) (-0.64) (-0.43) (0.65) (0.69) (0.93)
[0.55] [0.53] [0.67] [0.55] [0.53] [0.67] [0.55] [0.53] [0.67] [0.55] [0.53] [0.67] [0.52] [0.49] [0.35]
Aop 0.09 0.09 0.09 0.09 0.17
(0.30) (0.32) (0.42) (0.30) (0.32) (0.42) (0.30) (0.32) (0.42) (0.30) (0.32) (0.42) (0.52) (0.55) (0.90)
[0.77] [0.75] [0.68] [0.77] [0.75] [0.68] [0.77] [0.75] [0.68] [0.77] [0.75] [0.68] [0.61] [0.58] [0.37]
ﬁvt-l 0.01 0.01 0.01 0.01 0.01
(0.07) (0.08) (0.10) (0.07) (0.08) (0.10) (0.07) (0.08) (0.10) (0.07) (0.08) (0.10) (0.09) (0.10) (0.11)
[0.94] [0.94] [0.92] [0.94] [0.94] [0.92] [0.94] [0.94] [0.92] [0.94] [0.94] [0.92] [0.93] [0.92] [0.91]
N 72 72 72 72 72
R -0.033 -0.033 -0.033 -0.033 -0.032
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Table 16. Monthly Regressions oy and By (continuation)

This table summarizes the monthly regression results for the coefficients ayy and Sy of the trading
volume formula, as detailed in regression (1) of Section-4. The regressions were performed for the
SPY ETF using ten different monthly data sets {D(1), D(2), D(3), D(4), D(6), D(7), D(8), D(9),
D(10)}. T-values and P-values from the left side to the right are standard OLS, clustered robust
and Newey-West autocorrelation robust values.

ay = ¢+ 0gmp * AM B + aype ¥ PBEL 4 oy, | + ZZ:tH Yo+ €

By =+ Bogny *TamB + Boy x0p + By + S0 Wt €

D(6) D(7) D(8) D(9) D(10)
Panel A: Regression on ay
c -0.13 -0.09 -0.11 -0.10 -1.08

(-1.39) (-1.48) (-1.43)
[0.17] [0.14] [0.16]
-0.08
(-1.91) (-2.04) (-1.99)
[0.06] [0.05] [0.05]
0.46
(8.82) (9.43) (4.68)
[0.00] [0.00] [0.00]

v, -0.19
(-1.95) (-2.09) (-2.40)
[0.06] [0.04] [0.02]

(-0.84) (-0.89) (-0.88)
[0.41] [0.37] [0.38]
-0.03
(-0.54) (-0.58) (-0.42)
[0.59] [0.57] [0.68]
0.47
(8.16) (8.72) (4.98)
0.00] [0.00] [0.00]
-0.21

(-2.02) (-2.16) (-2.70)
[0.05] [0.03] [0.01]

®pbel

Qamb

(-1.18) (-1.27) (-1.53)
[0.24] [0.21] [0.13]
-0.06
(-1.63) (-1.74) (-2.10)
[0.11] [0.09] [0.04]
0.46
(8.85) (9.46) (4.75)
[0.00] [0.00] [0.00]
-0.20

(-1.99) (-2.13) (-2.52)
[0.05] [0.04] [0.01]

(-0.57) (-0.69) (-0.79)
(0.57] [0.49] [0.43]
-0.14
(-3.38) (-3.30) (-3.34)
[0.00] [0.00] [0.00]
0.37
(6.04) (5.64) (3.03)
[0.00] [0.00] [0.00]
0.39

(7.19) (5.65) (4.97)
[0.00] [0.00] [0.00]

(-6.05) (-7.28) (-6.96)
0.00] [0.00] [0.00]
-0.10
(-2.54) (-2.43) (-2.32)
[0.01] [0.02] [0.02]
0.58
(9.33) (10.15) (5.19)
0.00] [0.00] [0.00]
0.26

(4.93) (3.57) (2.65)
0.00] [0.00] [0.01]

N 72 72 72 247 247

R? 0.645 0.626 0.639 0.697 0.746
Panel B: Regression on By (same for 1, 2, 3, 4)

¢ 0.14 0.14 0.14 0.41 0.68

(0.38) (0.40) (0.45)
[0.71] [0.69] [0.65]
0.17
(0.65) (0.69) (0.93)
(0.52] [0.49] [0.35]
0.17
(0.52) (0.55) (0.90)
[0.61] [0.58] [0.37]

Bv 0.01

(0.38) (0.40) (0.45)
[0.71] [0.69] [0.65]
0.17
(0.65) (0.69) (0.93)
[0.52] [0.49] [0.35]
0.17
(0.52) (0.55) (0.90)
[0.61] [0.58] [0.37]
0.01

Tamb

Aa'p

! (0.09) (0.10) (0.11) (0.09) (0.10) (0.11)
[0.93] [0.92] [0.91] [0.93] [0.92] [0.91]
N 72 72
R? -0.032 -0.032

(0.38) (0.40) (0.45)
[0.71] [0.69] [0.65]
0.17
(0.65) (0.69) (0.93)
[0.52] [0.49] [0.35]
0.17
(0.52) (0.55) (0.90)
0.61] [0.58] [0.37]
0.01

(0.09) (0.10) (0.11)
0.93] [0.92] [0.91]
72
-0.032

(1.30) (1.33) (2.54)
[0.20] [0.18] [0.01]
0.20
(1.51) (1.57) (0.99)
[0.13] [0.12] [0.32]
-0.22
(-1.49) (-1.59) (-0.56)
[0.14] [0.11] [0.58]
0.00

(0.07) (0.07) (0.10)
[0.94] [0.94] [0.92]
247
0.111

(1.73) (1.78) (2.61)
[0.09] [0.08] [0.01]
0.31
(1.63) (1.71) (1.54)
[0.10] [0.09] [0.12]
-0.16
(-1.14) (-1.22) (-0.46)
[0.26] [0.22] [0.65]
0.01

(0.16) (0.16) (0.22)
[0.88] [0.87] [0.83]
247
0.113
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Table 17. Monthly Regressions for Trading Volume

This table summarizes the monthly regression results of the trading volume formula, as detailed in
regression (2) of Section-4. The regressions were performed for the SPY ETF using ten different
data sets {D(1), D(2), D(3), D(4), D(6), D(7), D(8). D(9), D(10)}.

V = (c+appa* PBEL+Qamy* AMB) |+ (Bp+Boy * Oamp+ 8o, ¥0p) ¥ Ap + Vit 43,y Yphe

D)

D(2)

D(3)

D(4)

D(5)

c -0.23
(-2.13) (-2.33) (-3.37)
[0.04] [0.02] [0.00]
0.02
(0.51) (0.56) (0.55)
[0.61] [0.58] [0.58]
0.22
(2.64) (2.89) (3.87)
[0.01] [0.01] [0.00]

Bp -0.27
(-4.15) (-4.55) (-6.05)
[0.00] [0.00] [0.00]
Bo o 0.05
(0.24) (0.26) (0.39)
[0.81] [0.79] [0.70]
0.09
(0.62) (0.68) (1.04)
[0.54] [0.50] [0.30]

By 0.15

Apbel

®amb

ﬁa'p

-0.25
(-2.20) (-2.41) (-3.37)
[0.03] [0.02] [0.00]
-0.00
(-0.10) (-0.11) (-0.13)
[0.92] [0.92] [0.90]
0.21
(2.57) (2.82) (3.75)
[0.01] [0.01] [0.00]
-0.26
(-3.93) (-4.31) (-5.86)
[0.00] [0.00] [0.00]
0.07
(0.31) (0.34) (0.53)
[0.75] [0.73] [0.59]
0.08
(0.60) (0.65) (1.05)
[0.55] [0.52] [0.30]
0.16

-0.16
(-1.32) (-1.44) (-1.16)
[0.19] [0.15] [0.25]
0.08
(1.27) (1.39) (0.69)
[0.21] [0.17] [0.49]
0.19
(2.31) (2.53) (5.48)
[0.02] [0.01] [0.00]
-0.26
(-4.16) (-4.56) (-6.54)
[0.00] [0.00] [0.00]
0.05
(0.23) (0.25) (0.38)
[0.82] [0.80] [0.71]
0.11
(0.78) (0.86) (1.31)
[0.44] [0.40] [0.19]
0.13

-0.29
(-2.65) (-2.90) (-4.47)
[0.01] [0.01] [0.00]
-0.05
(-1.13) (-1.24) (-0.86)
[0.26] [0.22] [0.40]
0.20
(2.41) (2.64) (3.14)
[0.02] [0.01] [0.00]
-0.25
(-3.86) (-4.23) (-6.16)
[0.00] [0.00] [0.00]
0.12
(0.58) (0.64) (1.00)
[0.56] [0.53] [0.32]
0.08
(0.57) (0.62) (1.00)
[0.57] [0.54] [0.32]
0.16

-0.12
(-1.27) (-1.39) (-1.33)
[0.21] [0.17] [0.19]
-0.01
(-0.32) (-0.35) (-0.36)
[0.75] [0.73] [0.72]
0.35
(5.71) (6.26) (3.18)
[0.00] [0.00] [0.00]
-0.09
(-1.31) (-1.43) (-1.20)
[0.20] [0.16] [0.23]
-0.03
(-0.50) (-0.55) (-0.63)
[0.62] [0.59] [0.53]
-0.01
(-0.12) (-0.13) (-0.22)
[0.91] [0.90] [0.83]
-0.16

" (1.43) (1.57) (1.17) (1.49) (1.63) (1.23) (1.23) (1.34) (0.96) (1.55) (1.70) (1.25)  (-1.48) (-1.62) (-1.41)
[0.16] [0.12] [0.25] [0.14] [0.11] [0.22] [0.23] [0.18] [0.34] [0.13] [0.09] [0.22] [0.14] [0.11] [0.16]
N 72 72 72 72 72
R? 0.493 0.49 0.504 0.501 0.629
D(6) D(7) D(8) D(9) D(10)
c -0.15 -0.12 -0.18 -0.13 -0.97

(-1.50) (-1.64) (-1.42)
[0.14] [0.11] [0.16]
-0.04
(-0.92) (-1.00) (-0.98)
[0.36] [0.32] [0.33]
0.36
(5.82) (6.37) (3.27)
[0.00] [0.00] [0.00]

Bp -0.08
(-1.17) (-1.28) (-1.07)
[0.25] [0.20] [0.29]
ﬁdamb -0.04
(-0.53) (-0.58) (-0.66)
[0.60] [0.56] [0.51]
-0.01
(-0.10) (-0.10) (-0.17)
[0.92] [0.92] [0.86]
th_l -0.16
(-1.52) (-1.66) (-1.45)
[0.13] [0.10] [0.15]
N 72
R? 0.634

Apbel

Xamb

BO’p

(-1.18) (-1.29) (-1.05)
[0.24] [0.20] [0.30]
-0.01
(-0.21) (-0.23) (-0.17)
[0.83] [0.82] [0.86]
0.36
(5.24) (5.74) (3.65)
[0.00] [0.00] [0.00]
-0.09
(-1.37) (-1.50) (-1.23)
[0.18] [0.14] [0.22]
-0.03
(-0.45) (-0.49) (-0.61)
[0.66] [0.63] [0.54]
-0.02
(-0.17) (-0.19) (-0.29)
[0.86] [0.85] [0.77]
-0.16

(-1.49) (-1.64) (-1.44)
[0.14] [0.11] [0.15]
72
0.629

(-1.88) (-2.06) (-2.03)
[0.07] [0.04] [0.05]
-0.07
(-2.03) (-2.22) (-2.89)
[0.05] [0.03] [0.01]
0.36
(6.04) (6.61) (3.09)
[0.00] [0.00] [0.00]
-0.08
(-1.16) (-1.27) (-0.99)
[0.25] [0.21] [0.33]
-0.05
(-0.71) (-0.78) (-0.88)
[0.48] [0.44] [0.38]
-0.00
(-0.02) (-0.02) (-0.03)
[0.98] [0.98] [0.97]
-0.17

(-1.60) (-1.75) (-1.35)
[0.12] [0.09] [0.18]
72
0.653

(-0.87) (-1.02) (-1.06)
[0.39] [0.31] [0.29)]
-0.09
(-2.38) (-2.38) (-3.64)
[0.02] [0.02] [0.00]
0.36
(6.30) (6.07) (3.26)
[0.00] [0.00] [0.00]
-0.30
(-5.42) (-5.85) (-4.22)
[0.00] [0.00] [0.00]
-0.10
(-1.69) (-1.63) (-1.39)
[0.09] [0.10] [0.17]
0.10
(1.37) (1.50) (0.88)
[0.17] [0.13] [0.38]
0.38

(7.52) (6.27) (5.31)
[0.00] [0.00] [0.00]
248
0.732

(-5.53) (-6.55) (-5.56)
[0.00] [0.00] [0.00]
-0.08
(-2.07) (-2.03) (-3.24)
[0.04] [0.04] [0.00]
0.48
(7.25) (8.09) (4.15)
[0.00] [0.00] [0.00]
-0.19
(-3.14) (-3.16) (-2.10)
[0.00] [0.00] [0.04]
0.03
(0.61) (0.54) (0.39)
[0.54] [0.59] [0.70]
-0.04
(-0.66) (-0.70) (-0.57)
[0.51] [0.48] [0.57]
0.27

(4.90) (3.81) (3.10)
[0.00] [0.00] [0.00]
248
0.743
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Table 18. Monthly Regressions for ATrading Volume

This table summarizes the monthly regression results of the first difference trading volume formula,
as detailed in regression (3) of Section-4.

AV =c¢ + (opper * APBEL + gy, * AAMB)AQ + (Bacam * AGamp + Bac, * AO’p)Aﬁ x Ap +
(B + Bows * Tamb + Boprad, ¥ 0p) % Db + AVii+ 30, + €

D(1)

D(2)

D(3)

D(4)

D(5)

c 0.08
(0.46) (0.51) (0.82)
[0.65] [0.61] [0.42]
0.14
(2.00) (2.24) (1.61)
[0.05] [0.03] [0.11]
0.24
(3.33) (3.72) (4.08)
[0.00] [0.00] [0.00]
Bp -0.28
(-2.39) (-2.66) (-2.28)
[0.02] [0.01] [0.03]
0.31
(0.91) (1.01) (1.01)
[0.37] [0.32] [0.32]
BAJamb -051
(-1.53) (-1.71) (-1.13)
[0.13] [0.09] [0.26]
Boprnz, 021
(0.68) (0.76) (0.83)
[0.50] [0.45] [0.41]
0.19
(0.75) (0.84) (0.77)
[0.45] [0.40] [0.44]

Apbel

Qamb

B %amb

ﬂAn'p

0.06
(0.36) (0.41) (0.68)
[0.72] [0.69] [0.50]

0.10
(1.39) (1.55) (1.09)
[0.17] [0.13] [0.28]
0.25
(3.31) (3.70) (4.03)
[0.00] [0.00] [0.00]
-0.30

(-2.47) (-2.75) (-2.52)

[0.02] [0.01] [0.01]
0.27

(0.77) (0.85) (0.92)

[0.45] [0.40] [0.36]
-0.45

(-1.34) (-1.50) (-1.00)

[0.18] [0.14] [0.32]
0.17

(0.54) (0.61) (0.64)

[0.59] [0.55] [0.53]
0.20

(0.78) (0.87) (0.76)

[0.44] [0.39] [0.45)

0.05
(0.35) (0.39) (0.75)
[0.73] [0.70] [0.46]

0.25
(3.89) (4.35) (2.23)
[0.00] [0.00] [0.03]
0.19
(2.86) (3.20) (4.17)
[0.01] [0.00] [0.00]
-0.26

(-2.37) (-2.65) (-2.73)

[0.02] [0.01] [0.01]
0.29

(0.94) (1.04) (1.32)

[0.35] [0.30] [0.19]
-0.43

(-1.41) (-1.57) (-1.15)

[0.16] [0.12] [0.25]
0.32

(1.10) (1.23) (1.83)

[0.28] [0.23] [0.07]
0.20

(0.87) (0.98) (1.04)

[0.39] 0.33] [0.30]

0.04
(0.23) (0.26) (0.50)
0.82] [0.80] [0.62]
-0.02
(-0.30) (-0.34) (-0.25)
[0.76] [0.74] [0.80]
0.23
(3.07) (3.43) (3.43)
0.00] [0.00] [0.00]
-0.29
(-2.39) (-2.67) (-3.11)
0.02] [0.01] [0.00]
0.28
(0.78) (0.88) (1.20)
[0.44] [0.38] [0.23]
-0.42
(-1.25) (-1.39) (-0.99)
0.22] [0.17] [0.32]
0.10
(0.31) (0.34) (0.36)
(0.76] [0.73] [0.72]
0.23
(0.89) (0.99) (0.81)
(0.38] [0.33] [0.42]

0.01
(0.09) (0.10) (0.27)
0.93] [0.92] [0.79]

0.03
(0.53) (0.59) (0.53)
[0.60] [0.56] [0.60]
0.38
(7.97) (8.90) (4.05)
[0.00] [0.00] [0.00]
-0.03

(-0.25) (-0.28) (-0.31)

[0.80] [0.78] [0.76)
-0.09

(-0.81) (-0.90) (-1.83)

[0.42] [0.37] 0.07]
0.12

(1.67) (1.86) (4.08)

[0.10] [0.07] [0.00]
-0.04

(-0.14) (-0.15) (-0.19)

[0.89] [0.88] [0.85]
0.10

(0.51) (0.57) (0.77)

[0.61] [0.57] [0.45]

N 71 71 71 71 71
R? 0.404 0.383 0.496 0.363 0.641

D(6) D(7) D(8) D(9) D(10)
c 0.01 0.01 0.01 -0.05 -0.05

(0.07) (0.08) (0.21)
[0.94] [0.94] [0.83]
0.02
(0.28) (0.32) (0.28)
[0.78] [0.75] [0.78]
0.38
(8.08) (9.02) (4.03)
[0.00] [0.00] [0.00]

Bp -0.03
(-0.23) (-0.26) (-0.29)
[0.82] [0.80] [0.77]
B0 b -0.09
(-0.83) (-0.93) (-1.90)
[0.41] [0.36] [0.06]
ﬁA‘Tamb 0.12
(1.70) (1.90) (4.13)
[0.09] [0.06] [0.00]
-0.04

Apbel

Qamb

ﬁUp*A2p

(-0.16) (-0.18) (-0.23)
[0.87] [0.86] [0.82]

0.11

(0.57) (0.64) (0.87)
[0.57] [0.52] [0.39]

N 71

R2 0.639

ﬁAop

(0.10) (0.11) (0.33)
0.92] [0.91] [0.74]
0.17
(3.27) (3.65) (3.28)
[0.00] [0.00] [0.00]
0.33
(7.36) (8.21) (4.58)
[0.00] [0.00] [0.00]
-0.04
(-0.36) (-0.40) (-0.50)
[0.72] [0.69] [0.62]
-0.10
(-0.98) (-1.10) (-2.05)
[0.33] [0.28] [0.05)
0.15
(2.26) (2.53) (5.99)
[0.03] [0.01] [0.00]
0.12
(0.47) (0.52) (0.62)
[0.64] [0.60] [0.54]
0.14
(0.81) (0.91) (1.34)
[0.42] [0.37] [0.19]
71
0.696

(0.05) (0.06) (0.17)
[0.96] [0.95] [0.87]
0.00
(0.02) (0.02) (0.02)
[0.99] [0.99] [0.98]
0.38
(8.12) (9.07) (3.94)
[0.00] [0.00] [0.00]
-0.02
(-0.20) (-0.22) (-0.24)
[0.85] [0.83] [0.81]
-0.10
(-0.87) (-0.97) (-2.09)
[0.39] [0.34] [0.04]
0.12
(1.62) (1.81) (5.55)
[0.11] [0.08] [0.00]
-0.05
(-0.18) (-0.20) (-0.25)
[0.86] [0.84] [0.80]
0.11
(0.61) (0.68) (1.01)
[0.55] [0.50] [0.31]
71
0.639

(-0.22) (-0.28) (-0.93)
[0.83] [0.78] [0.35]
-0.07
(-1.16) (-1.12) (-2.04)
[0.25] [0.26] [0.04]
0.25
(4.42) (4.55) (2.80)
0.00] [0.00] [0.01]
-0.29
(-3.51) (-3.97) (-3.50)
0.00] [0.00] [0.00]
0.19
(1.93) (1.84) (2.54)
0.05] [0.07] [0.01]
-0.35
(-5.28) (-4.19) (-7.09)
0.00] [0.00] [0.00]
-0.04
(-0.32) (-0.37) (-0.34)
[0.75] [0.71] [0.73]
0.14
(1.87) (2.16) (2.82)
0.06] [0.03] [0.01]
247
0.317

(-0.20) (-0.26) (-1.72)
[0.84] [0.80] [0.09]
-0.04
(-0.70) (-0.67) (-0.93)
[0.48] [0.51] [0.35)
0.53
(9.33) (11.13) (5.30)
[0.00] [0.00] [0.00]
-0.08
(-0.89) (-0.97) (-1.17)
[0.38] [0.33] [0.24]
0.02
(0.26) (0.24) (0.35)
[0.79] [0.81] [0.73]
-0.09
(-1.40) (-1.16) (-1.14)
[0.16] [0.25] [0.25)
-0.01
(-0.11) (-0.13) (-0.12)
[0.91] [0.90] [0.91]
-0.03
(-0.48) (-0.53) (-0.36)
[0.63] [0.60] [0.72]
247
0.400
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Appendix G Single Sorted Portfolio Returns

This section shows the regression results for the single sorted portfolios described in Section-6.
Table-21 on this page shows the results of regressing the Fama-French market portfolio, the
LMH Turnover Portfolio Pry.,, LMH Ambiguity related Turnover sorted portfolio known as P,
the LMH differences in prior beliefs related Turnover sorted portfolio called P, the LMH price
fluctuations related Turnover sorted portfolio called Pap,,, and finally, the LMH unexplained
residual related Turnover sorted portfolio named P, on a constant as described in regression (2)

of Section-6.

RpTum =c+e€ (2>
Rp,.,... = ¢+ Rfree + Brxrrr * Rukrrr + Bamr * Ravr + Bsup * Rsvp + € (3)
RPTuTn :C+/6Pamb >l<'FZIDH.'mb_’_/81:)171361 >k'Fi]:)pbel +/3PAP21 *RPAP21 +/6P€ *Rpe +€ (4)

Table 19. Monthly Single Sorted Portfolio Returns

Single sorted portfolio returns statistics using monthly data between 1990 to 2020.

Purr Prurn Pams Ppper Pap,, P.
Panel A: Monthly Portfolio Returnds (1990 - 2020)
c 0.009 0.006 0.006 0.002 -0.005 0.003
(4.10) (4.10) (3.96)  (1.66) (1.67) (1.68)  (1.88) (1.88) (1.70)  (0.65) (0.65) (0.76)  (-2.24) (-2.24) (-3.27)  (1.51) (1.52) (1.75)
[0.00] [0.00] [0.00] [0.10] [0.10] [0.09] [0.06] [0.06] [0.09] [0.51] [0.51] [0.45] [0.03] [0.03] [0.00] [0.13] [0.13] [0.08]
N 372 372 372 372 372 372
R2 0 0 0 0 0 0
Panel B: Sharpe Ratios (1990 - 2020, yearly)
Excess Return 0.09 0.05 0.05 -0.01 -0.03 0.01
Std. Deviation 0.14 0.25 0.21 0.16 0.15 0.11
Sharpe Ratio 0.56 0.20 0.22 -0.05 -0.22 0.04

Table-20 below shows the results of regressing the LMH Turnover sorted portfolio on a
constant, on the Fama-French 3-Factors (MKT, SMB, HML) and on the LMH portfolios
{ Pambs Ppvets Pap,, , P} derived from the four Turnover components, as described in regressions
(2), (3) and (4) of Section-6.

Lastly, you find in Table-21 the outcomes of the regression of the LMH Turnover sorted
portfolio Pry,, on the LMH portfolios {Pump,Ppber,Par,,,Fe} based on the four components of

Turnover described in Section 6, plus an explanatory variable controlling for Liquidity. The
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Liquidity proxies are the month-end SPY Bid-Ask, the monthly mean SPY Bid-Ask, the Liquidity

measure proposed by Hu et al. (2013), and the Intermediary Capital Risk Factor and Ratio

introduced by He et al. (2017). These variables are employed both in their level form and as first

differences.

Table 20. Monthly Single Sorted Portfolio Returns Attribution

Single sorted portfolio returns statistics using monthly data between 1990 to 2020.

PTurn PTurn

PTurn

BMKT-R;

BrMmL

BS]WB

/Bpamb

/BPpbel

BPAP21

Bp.

(1.66) (1.67) (1.68)
[0.10] [0.10] [0.09]

0.006 0.019
(6.08) (6.07) (4.81)
[0.00] [0.00] [0.00]

-2.380
(-2.20) (-2.16) (-1.77)
[0.03] [0.03] [0.08]
-0.953
(-19.98) (-17.55)
(-12.19)
[0.00] [0.00] [0.00]
0.854
(12.61) (11.43) (6.82)
[0.00] [0.00] [0.00]
-0.789

(-11.68) (-11.83) (-7.96)

[0.00] [0.00] [0.00]

372 372
0.000 0.728

-0.001
(-1.53) (-1.54) (-1.27)
[0.13] [0.12] [0.20]

0.942
(63.44) (62.43) (41.18)
[0.00] [0.00] [0.00]
0.450
(20.46) (20.70) (5.93)
[0.00] [0.00] [0.00]
-0.034
(-1.26) (-1.27) (-0.52)
[0.21] [0.21] [0.60]
0.390
(11.94) (11.94) (7.21)
[0.00] [0.00] [0.00]
372
0.944
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Table 21. Monthly Single Sorted Portfolio Returns Attribution with Liquidity Controls

Single sorted portfolio returns statistics using monthly data between 1990 to 2020. Last row
indicates the liquidity control used.

PTurn PTurn PTurn PTurn PTurn
Panel A: LMH Turnover Portfolio Regressions with Liquidity Controls in Levels
c -0.001 -0.001 -0.000 -0.001 -0.002

(-0.69) (-0.70) (-0.63)
[0.49] [0.49] [0.53]

(-0.60) (-0.60) (-0.61)
[0.55] [0.55] [0.55]

(-0.16) (-0.16) (-0.17)
[0.87] [0.88] [0.87]

(-1.48) (-1.49) (-1.25)
[0.14] [0.14] [0.21]

(-0.81) (-0.80) (-0.69)
[0.42] [0.42] [0.49]

BPams 0.944 0.941 0.942 0.939 0.942
(61.72) (60.53) (62.43) (61.13) (63.43) (62.44) (57.21) (56.50) (63.32) (62.41)
(38.43) (37.79) (41.46) (37.45) (41.11)
[0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00]
BPypes 0.457 0.457 0.449 0.451 0.450
(20.31) (20.60) (6.27)  (20.30) (20.60) (6.25) (20.31) (20.60) (5.84) (20.44) (20.72) (5.90) (20.44) (20.71) (5.93)
[0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00]
BPap,, -0.056 -0.056 -0.036 -0.034 -0.033
(-2.05) (-2.08) (-0.89)  (-2.05) (-2.07) (-0.88)  (-1.32) (-1.34) (-0.54)  (-1.24) (-1.25) (-0.51)  (-1.22) (-1.23) (-0.49)
[0.04] [0.04] [0.38] [0.04] [0.04] [0.38] [0.19] [0.18] [0.59] 0.21] [0.21] [0.61] 0.22] [0.22] [0.62]
Bp. 0.440 0.443 0.392 0.392 0.389
(12.85) (12.88) (8.85)  (12.89) (12.93) (8.90)  (11.97) (11.97) (7.32)  (11.91) (11.93) (7.37) (11.85) (11.86) (7.07)
[0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00]
Bcontrol 0.001 0.001 -0.000 -0.007 0.013
(1.06) (1.01) (1.17) (0.92) (0.89) (0.85) (-0.92) (-0.85) (-0.86)  (-0.46) (-0.45) (-0.40) (0.33) (0.33) (0.25)
[0.29] [0.31] [0.24] [0.36] [0.38] [0.39] [0.36] [0.39] [0.39] [0.65] [0.65] [0.69] [0.74] [0.75] [0.80]
N 324 324 372 372 372
R2 0.949 0.949 0.944 0.944 0.944
Panel B: LMH Turnover Portfolio Regressions with Liquidity Controls in Differences
c -0.001 -0.001 -0.001 -0.001 -0.001

(-0.92) (-0.93) (-0.80)
[0.36] [0.35] [0.43]
0.942
(61.98) (60.71)
(37.18)

[0.00] [0.00] [0.00]
0.456
(20.21) (20.51) (6.23)
[0.00] [0.00] [0.00]

Brspy, -0.055
(-2.02) (-2.04) (-0.86)
[0.04] 0.04] [0.39]
Br. 0.440
(12.78) (12.81) (8.77)
[0.00] [0.00] [0.00]
Bacontrol 0.000
(0.31) (0.30) (0.44)
[0.75] [0.76] [0.66]

6Pamb

/Bppbel

(-0.93) (-0.93) (-0.79)
[0.35] [0.35] [0.43]
0.939
(62.36) (61.29)
(36.47)

[0.00] [0.00] [0.00]
0.455
(20.27) (20.55) (6.35)
[0.00] [0.00] [0.00]
-0.056
(-2.07) (-2.09) (-0.91)
[0.04] [0.04] [0.37]
0.447
(13.03) (13.09) (9.55)
[0.00] [0.00] [0.00]
-0.004
(-2.02) (-2.02) (-3.25)
[0.04] [0.04] [0.00]

(-1.57) (-1.58) (-1.30)
[0.12] [0.12] [0.19]
0.942
(63.43) (62.37)
(41.23)

[0.00] [0.00] [0.00]
0.450
(20.44) (20.73) (5.90)
[0.00] [0.00] [0.00]
-0.033
(-1.24) (-1.25) (-0.51)
[0.22] [0.21] [0.61]
0.389
(11.90) (11.91) (7.20)
[0.00] [0.00] [0.00]
-0.000
(-0.98) (-0.94) (-1.18)
[0.33] [0.35] [0.24]

(-1.55) (-1.56) (-1.28)
[0.12] [0.12] [0.20]
0.946
(58.99) (58.44)
(38.07)

[0.00] [0.00] [0.00]
0.450
(20.45) (20.72) (5.97)
[0.00] [0.00] [0.00]
-0.033
(-1.22) (-1.23) (-0.51)
0.22] [0.22] [0.61]
0.389
(11.85) (11.86) (7.26)
[0.00] [0.00] [0.00]
0.007
(0.62) (0.62) (0.68)
[0.54] [0.54] [0.50]

(-1.51) (-1.52) (-1.26)
[0.13] [0.13] [0.21]
0.939
(58.02) (57.26)
(38.48)

[0.00] [0.00] [0.00]
0.451
(20.44) (20.72) (5.90)
[0.00] [0.00] [0.00]
-0.033
(-1.22) (-1.24) (-0.51)
0.22] [0.22] [0.61]
0.391
(11.94) (11.95) (7.29)
[0.00] [0.00] [0.00]
-0.097
(-0.47) (-0.48) (-0.51)
[0.64] [0.63] [0.61]

N 323 323 372 372 372
Ri 0.949 0.950 0.944 0.944 0.944
Control BidAskjast BidAskmean Noise ICapital factor ICapital,qtio
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Appendix H Bisorted Portfolio Returns

In this appendix, I provide the monthly frequency return statistics of the bisorted portfolios
outlined in Section 6.

Table-22 below displays the mean monthly returns, standard deviations and Sharpe-Ratios of
the Fama-French Market Factor, the bisorted LMH Turnover-Turnover portfolio called Pry,.,, the
LMH Turnover related to Ambiguity and Turnover related to price fluctuations bisorted portfolio
called P,p—ap,, and the LMH Turnover related to price fluctuations and Turnover related to
Ambiguity bisorted portfolio called Pap,, —amb-

Table 23 below presents the annualized average differential returns of the bisorted portfolios. In
Panel A, the table illustrates the differential returns achieved by going long on the quantile bisorted
portfolio indicated in the top row and simultaneously shorting the quantile bisorted portfolio
described in the leftmost column. The first dimension in Panel A, pertaining to Ambiguity driven
Turnover, is divided into 5 quantiles, while the second dimension, associated to price fluctuations
driven Turnover, is distributed across two quantiles. This arrangement yields a total of 10 bisorted
portfolios {00,01,10,11,20,21,30,31,40,41} . In Panel-B of the same table, you can observe the
annualized differential returns stemming from bisorted portfolios created by employing Turnover
driven by price fluctuations as the first sorting dimension, and Turnover driven by Ambiguity as

the second sorting dimension.

Table 22. Bisorted Portfolios Monthly Returns Statistics

This tables summarize the returns of the HML bisorted portfolios of section 5. Each portfolio is
obtained by double sorting on a 5x2 grid.

PMKT PTurnfTurn Pamb—APgl PAPgl—amb

Panel A: Monthly Portfolio Returns (1990 - 2020)

c 0.009 0.006 0.008 0.008
(4.10) (4.10) (3.96) (1.44) (1.44) (1.39) (2.96) (2.96) (2.79) (3.90) (3.91) (3.53)
[0.00] [0.00] [0.00] [0.15] [0.15] [0.17] [0.00] [0.00] [0.01] [0.00] [0.00] [0.00]

N 372 372 372 372

R? 0 0 0 0

Panel B: Sharpe Ratios (1990 - 2020, yearly)

Excess Return 0.09 0.04 0.07 0.07
Std. Deviation 0.14 0.25 0.16 0.13
Sharpe Ratio 0.56 0.16 0.38 0.50
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Table 23. Bisorted Portfolios Monthly Returns

This tables summarize the annualized differential returns of the bisorted portfolios of Section-
6. Each portfolio is obtained by double sorting on a 5x2 grid. The portfolios dimensions are
Ambiguity - Price Change driven Turnover in Panel-A, and Price Change - Ambiguity driven
Turnover in panel-B. Dimensions are in decimal format, 0.09 means 9% pear year.

Panel A: Ambiguity and APs;

00 01 10 11 20 21 30 31 40 41
00 0.00 -0.03 -0.01 -0.04 0.00 -0.03 0.02 -0.01 0.06 0.03
01 0.03 0.00 0.03 -0.00 0.04 001 0.05 003 0.09 0.07
10 0.00 -0.03 0.00 -0.03 0.01 -0.02 0.03 -0.00 0.07 0.04
11 0.04 0.00 0.03 0.00 0.04 0.01 0.05 0.03 0.10 0.07
20 -0.00 -0.04 -0.01 -0.04 0.00 -0.03 0.01 -0.01 0.06 0.03
21 0.03 -0.01 0.02 -0.01 0.03 0.00 0.05 0.02 0.09 0.06
30 -0.02 -0.05 -0.03 -0.05 -0.01 -0.05 0.00 -0.03 0.04 0.02
31 0.01 -0.03 0.00 -0.03 0.01 -0.02 0.03 0.00 0.07 0.04
40 -0.06 -0.09 -0.07r -0.10 -0.06 -0.09 -0.04 -0.07 0.00 -0.03
41 -0.03 -0.07r -0.04 -0.07 -0.03 -0.06 -0.02 -0.04 0.03 0.00

Panel B: AP, and Ambiguity

00 01 10 11 20 21 30 31 40 41
00 0.00 0.04 -0.02 0.01 -0.02 0.00 -0.05 0.00 -0.06 0.01
01 -0.04 0.00 -0.06 -0.03 -0.06 -0.04 -0.09 -0.04 -0.09 -0.03
10 0.02 0.06 0.00 0.03 -0.00 0.02 -0.03 0.02 -0.04 0.03
11 -0.01 0.03 -0.03 0.00 -0.03 -0.01 -0.06 -0.01 -0.07 -0.00
20 0.02 0.06 0.00 0.03 0.00 0.02 -0.03 0.02 -0.04 0.03
21 -0.00 0.04 -0.02 0.01 -0.02 0.00 -0.05 -0.00 -0.06 0.01
30 0.05 0.09 0.03 006 0.03 005 0.00 005 -0.01 0.06
31 -0.00 0.04 -0.02 0.01 -0.02 0.00 -0.05 0.00 -0.06 0.01
40 0.05 0.09 0.04 0.0r 004 0.06 001 0.06 0.00 0.07
41 -0.01 0.03 -0.03 0.00 -0.03 -0.01 -0.06 -0.01 -0.07 0.00
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