
This article was downloaded by: [128.62.211.56] On: 28 March 2018, At: 08:55
Publisher: Institute for Operations Research and the Management Sciences (INFORMS)
INFORMS is located in Maryland, USA

Management Science

Publication details, including instructions for authors and subscription information:
http://pubsonline.informs.org

A Simple Multimarket Measure of Information Asymmetry
Travis L. Johnson, Eric C. So

To cite this article:
Travis L. Johnson, Eric C. So (2018) A Simple Multimarket Measure of Information Asymmetry. Management Science
64(3):1055-1080. https://doi.org/10.1287/mnsc.2016.2608

Full terms and conditions of use: http://pubsonline.informs.org/page/terms-and-conditions

This article may be used only for the purposes of research, teaching, and/or private study. Commercial use
or systematic downloading (by robots or other automatic processes) is prohibited without explicit Publisher
approval, unless otherwise noted. For more information, contact permissions@informs.org.

The Publisher does not warrant or guarantee the article’s accuracy, completeness, merchantability, fitness
for a particular purpose, or non-infringement. Descriptions of, or references to, products or publications, or
inclusion of an advertisement in this article, neither constitutes nor implies a guarantee, endorsement, or
support of claims made of that product, publication, or service.

Copyright © 2017, INFORMS

Please scroll down for article—it is on subsequent pages

INFORMS is the largest professional society in the world for professionals in the fields of operations research, management
science, and analytics.
For more information on INFORMS, its publications, membership, or meetings visit http://www.informs.org

http://pubsonline.informs.org
https://doi.org/10.1287/mnsc.2016.2608
http://pubsonline.informs.org/page/terms-and-conditions
http://www.informs.org


MANAGEMENT SCIENCE
Vol. 64, No. 3, March 2018, pp. 1055–1080

http://pubsonline.informs.org/journal/mnsc/ ISSN 0025-1909 (print), ISSN 1526-5501 (online)

A Simple Multimarket Measure of Information Asymmetry
Travis L. Johnson,a Eric C. Sob

aMcCombs School of Business, The University of Texas at Austin, Austin, Texas 78712; b Sloan School of Management,
Massachusetts Institute of Technology, Cambridge, Massachusetts 02142
Contact: travis.johnson@mccombs.utexas.edu (TLJ); eso@mit.edu (ECS)

Received: November 22, 2015
Revised: May 3, 2016
Accepted: July 1, 2016
Published Online in Articles in Advance:
January 18, 2017

https://doi.org/10.1287/mnsc.2016.2608

Copyright: © 2017 INFORMS

Abstract. We develop and implement a new measure of information asymmetry among
traders. Our measure is based on the intuition that informed traders are more likely
than uninformed traders to generate abnormal volume in options or stock markets. We
formalize this intuition theoretically and compute the resulting multimarket information
asymmetry measure (MIA) for firm-days as a function of unsigned volume totals and
without estimating a structural model. Empirically, MIA has many desirable properties: it
is positively correlatedwith spreads, price impact, and absolute order imbalances; predicts
future volatility; is an effective conditioning variable for trading strategies stemming from
price pressure; and detects exogenous shocks to information asymmetry.
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1. Introduction
Asymmetric information plays a critical role in rec-
onciling classical economic theory with observed eco-
nomic behavior. The severity and content of asymmet-
ric information influences most interactions between
economic agents, particularly in cases of adverse selec-
tion or moral hazard. As a result, asymmetric infor-
mation is one of the most fundamentally important
concepts studied by modern economists. It is of partic-
ular interest to financial economists because one of the
primary social benefits of an active securities market
is that it aggregates disparate information into market
prices. Therefore, understanding the influence of infor-
mation asymmetry on the interaction between agents
is essential for understanding the outcomes and oper-
ation of financial markets.
Most models of trading in financial markets involve

two types of agents: those who trade because they
have an information advantage and those who trade
without an information advantage for reasons such as
a desire for liquidity or hedging. The prevalence of
informed trade affects liquidity, transaction costs, and
trading volumes, and it can also help to explain mar-
ket failures. For this reason, an important variable in
most theoretical and empirical work on information
economics in financial markets is the fraction of vol-
ume originating from informed traders.

Measuring the fraction of volume that is informed
presents a significant challenge because it is inher-
ently unobservable and time-varying. Thus, a central
goal in studying information asymmetry in financial
markets is to develop proxies that can be expressed
as a function of observable inputs and whose varia-
tion captures empirically measurable repercussions of

informed trade. In this paper, we address this measure-
ment problem by developing a new proxy for infor-
mation asymmetry among traders that leverages how
trades are dispersed across option and stock markets.
We empirically implement our measure and run a bat-
tery of tests that yield support for its use as a proxy for
information asymmetry among traders.

Our multimarket information asymmetry measure,
MIA, is a simple function of unsigned volume totals
based on the idea that informed traders face a leverage
constraint that generates a trade-off between smaller
price impact in equity markets and additional leverage
in options markets. Because informed traders receive
correlated signals, this trade-off causes the fraction of
informed trade occurring in options versus equity mar-
kets to fluctuate over time depending on the nature
of the signals informed traders receive. In contrast,
uninformed traders’ choice of trading venues is rel-
atively uncorrelated, and thus the fraction of unin-
formed trade in each market is relatively stable over
time. As a result, periods of heightened information
asymmetrymanifest in abnormally high or low option-
to-stock volume ratios (O/S, a measure first studied in
Roll et al. 2010), relative to the level of O/S that occurs
in the absence of private information. In Section 3, we
formalize this intuition and derive MIA for firm j on
day t as

MIA j, t �
|O j, t/S j, t −M j, t |
O j, t/S j, t + M j, t

, (1)

where M j, t is an estimate of average O/S in the absence
of informed trade.
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Compared to alternative proxies for information
asymmetry among traders, MIA has significant advan-
tages in terms of its ease of implementation, clarity
of interpretation, and empirical effectiveness. Alterna-
tive proxies generally fall within two broad categories:
simple characteristics of the stock, and structural esti-
mates of model parameters. Proxies based on simple
characteristics like firm size and analyst coverage have
the advantage of being easy to calculate and intuitively
correlated with information asymmetry, but carry the
disadvantages of being noisy and difficult to interpret
because they are also correlatedwith several confound-
ing factors such as liquidity and expected cash flows
(e.g., in Lee and So 2017). Recognition of these disad-
vantages gave rise to structural estimates of informa-
tion asymmetry among traders, including the “PIN”
measure in Easley et al. (1996).1

Structural estimates such as PIN have the advan-
tage of a theoretical connection to information asym-
metry not confounded by liquidity or cash flows, but
also carry the disadvantage of being computationally
intensive because they require signing the direction
of trades (i.e., buys versus sells), which has become
increasingly problematic due to the accelerated fre-
quency of trades in modern financial markets (Easley
et al. 2012). Furthermore, Duarte et al. (2015) show
that measures based on estimates of order imbalances
alone, including PIN, are ineffective and note that “a
different approach involving variables other than order
flow is necessary to generate useful inferences about
the arrival of informed trade” (p. 1).2
Our approach responds to this call by leveraging

the dispersion of trades across options and stock mar-
kets. The addition of a second market allows us to
identify the fraction of traders with an information
advantage using abnormal volume imbalances across
the two markets, as opposed to requiring estimates
of imbalances in buyer- versus seller-initiated trades.
Additionally, MIA can be estimated at the daily level,
which allows researchers to study changes in informa-
tion asymmetry in short windows surrounding infor-
mation events.

We formalize the intuition behind MIA in a theoreti-
cal setting. As a baseline case, we first show thatwhen a
constant fraction of uninformed trade occurs in options
and informed trading volume is concentrated entirely
in either options or stock markets, MIA equals the
fraction of volume originating from informed traders.
We also assess MIA’s effectiveness under more-realistic
assumptions in a strategic trading model. Our model
extends the Back (1993) framework to include a lever-
age constraint for informed traders that generates a
trade-off between the price impact associatedwith con-
centrating volume in a single market and the extra
leverage afforded by options. We also allow a ran-
dom fraction of uninformed trading volume to occur

in options markets, reflecting the possibility that unin-
formed trades, such as those emanating from mutual
fund flows or index rebalancing, also generate varia-
tion in O/S.

In our extended model’s equilibrium, although
informed traders trade stocks and options simultane-
ously to mitigate price impact, they weigh the addi-
tional leverage and nonlinearity offered by options
markets against the larger price impact, leading to
substantial variations in the fraction of their volume
they concentrate in options markets. As a result, we
show deviations in O/S from its typical value indi-
cate informed trade, and MIA is an effective proxy
for information asymmetry, as long as the volatility of
O/S driven by the random fluctuation of uninformed
trader demands does not exceed the volatility of O/S
driven by the informed trader’s equilibrium strategy.
In Section 2, we discuss empirical evidence from prior
research suggesting this condition is met in practice.

Because our model shows MIA’s effectiveness de-
pends on the relative likelihood informed and unin-
formed traders generate abnormal O/S, we explore
MIA’s validity empirically. Specifically, we compute
MIA for a panel of firm-days and subject it to a series of
empirical tests. We divide our main empirical tests into
three categories we refer to as (i) associations, (ii) pre-
dictions, and (iii) conditioning.

In our associations tests, we show MIA is posi-
tively associated with three repercussions of informa-
tion asymmetry: bid-ask spreads, price impact, and
absolute order imbalances. These results provide sup-
port for MIA and are consistent with the predictions
of standard microstructure models (e.g., Glosten and
Milgrom 1985, Kyle 1985) that illiquidity increases
with the degree of information asymmetry among
traders. In our prediction tests, we show that MIA pos-
itively predicts future volatility incremental to contem-
poraneous volumes and volatilities. This corroborates
the predictions of microstucture models with time-
varying information arrival (e.g., Easley and O’Hara
1987, Easley et al. 1998) that informed trade increases
before the arrival of news. To mitigate concerns that
MIA simply reflects expectations of volatility derived
from public information, we also show that MIA pre-
dicts volatility incremental to option-implied volatility.

In our conditioning tests, we show that MIA helps
distinguish between informed and uninformed sources
of price pressure in equity and options markets. Specif-
ically, we show that daily returns are less likely to
reverse when MIA is high, consistent with the intu-
ition in Llorente et al. (2002) that price changes driven
by informed trade are less likely to reverse. We also
show that the implied-volatility-spread trading strat-
egy studied in Cremers and Weinbaum (2010) yields
higher returns among firms with high MIA, consistent
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with implied-volatility spreads reflecting price pres-
sure in options markets and MIA, indicating the extent
to which the price pressure stems from informed trade.
By showing that MIA, helps to explain variation in liq-
uidity, volatility, and the returns to short-term trading
strategies, our results illustrate several practical ben-
efits of MIA as a measure of information asymmetry
that can facilitate a host of interrelated asset allocation
decisions.
In additional analyses, we show that MIA rises

before, and declines immediately after, both earnings
announcements and 8-K filings, consistent with MIA
capturing short-window changes in information asym-
metry around anticipated and unanticipated informa-
tion events. Following Kelly and Ljungqvist (2012),
we also identify exogenous shocks to information
asymmetry driven by terminations of analyst coverage
and show that MIA significantly increases following
these shocks, whereas there are no significant changes
in PIN.

An important contribution of our paper is to show
that information asymmetry is better measured by
absolute changes in O/S, rather than levels or signed
changes of O/S. Roll et al. (2010), for example, sug-
gest that O/S may be indicative of information asym-
metry. Our model suggests that O/S alone is not a
reliable proxy for the extent of information asymme-
try because informed traders may prefer trading stocks
over options, or vice versa, depending on the signal
they receive and the relative leverage and transaction
costs across the two markets. As a result, informed
trading volume may be concentrated in either options
or equity markets, meaning that both abnormally high
and abnormally low O/S are indicative of informed
trade. We empirically verify this result by showing that
both increases and decreases in O/S predict future
volatility, and that our main results are robust to con-
trolling for the level of O/S.

Another related use of levels and signed changes in
O/S are as proxies for the sign rather than magnitude of
private information. Johnson and So (2012) shows that
when there are short-sale costs in equity markets, O/S
is a reliable proxy for the direction of private informa-
tion. Specifically, increases in options volume indicate
negative private information because informed traders
use options more frequently when in possession of bad
news to avoid the short-sale cost. In this paper, we
focus on identifying the extent of private information
among traders, which we show can be measured by
absolute changes in O/S, rather than the sign of pri-
vate information, which Johnson and So (2012) shows
can be measured by levels or signed changes in O/S.
A possible alternative explanation for some of our

empirical results is that volume in options markets
rises prior to volatility events due to volatility or “vega”
trading. However, several of our results indicate MIA

detects the fraction of volume driven by private infor-
mation about the mean asset value: the concentration
of short-term reversal strategy returns among low MIA
stocks; the concentration of implied-volatility-spread
strategy returns among high MIA stocks; the ability of
MIA to predict volatility incremental to implied volatil-
ity; and the ability of MIA to predict volatility even
when O/S decreases. All of these results are consistent
with MIA measuring privately informed directional
trading but difficult to explain if MIA primarily reflects
volatility trading.

2. Relation to Literature
Our model shows that the effectiveness of MIA
depends on informed traders using sufficiently corre-
lated strategies that they are more likely to generate
abnormal O/S than uninformed traders. Prior research
provides both theoretical and empirical support for
this idea. On the theoretical front, Easley et al. (1996,
1997) model informed traders as each knowing that
an asset is either overpriced or underpriced and there-
fore all trading in the same direction. On the empirical
front, Cao et al. (2005) show that informed trade is
more likely to occur in equity markets during normal
times but is more likely to occur in options markets
prior to extreme information events such as takeover
announcements. Similarly, studies such as Anthony
(1988), Stephan and Whaley (1990), and Chan et al.
(2002) collectively show that information flows from
option to equity markets, and vice versa, depending on
the context. The combined evidence from these studies
suggests that private information elicits fluctuations in
how trade is allocated across options and stock mar-
kets, and thus that heightened information asymmetry
manifests in abnormally high or low levels of O/S.

A natural point of comparison for MIA is PIN, the
estimate of the probability of informed trade originat-
ing in Easley et al. (1996, 1997). Empirically estimating
PIN requires a first stage estimate of the fraction of
buyer- versus seller-initiated trades. Themost common
estimation technique is the algorithm developed in Lee
and Ready (1991) that infers trade direction by com-
paring the trade price to the prevailing best bid and
offer. However, Easley et al. (2012) point out that the
increased execution speeds and evolving structure of
modern financial markets have compromised the abil-
ity of the Lee–Ready algorithm to consistently infer the
direction of trade from intraday data because quote
and trade data are hard to merge accurately when
both evolve at millisecond frequencies. Moreover, as
Boehmer et al. (2007) and Asquith et al. (2010) discuss,
measures of PIN inherit any shortcomings of trade
classification algorithms used to calculate them. These
facts together motivate us to develop a proxy for infor-
mation asymmetry that does not require estimating the

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

12
8.

62
.2

11
.5

6]
 o

n 
28

 M
ar

ch
 2

01
8,

 a
t 0

8:
55

 . 
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y,

 a
ll 

ri
gh

ts
 r

es
er

ve
d.

 



Johnson and So: A Simple Multimarket Measure of Information Asymmetry
1058 Management Science, 2018, vol. 64, no. 3, pp. 1055–1080, ©2017 INFORMS

direction of trade and instead relies only on unsigned
volume totals.
MIA has at least three important distinctions from

PIN. The first is that instead of using imbalances within
a market (between buys and sells), MIA is identi-
fied from volume imbalances across markets (between
options and stocks). Volume imbalances across mar-
kets are easy to observe by comparing volume totals in
the respective markets, circumventing the need to infer
the direction of trade from intraday data. A second dis-
tinction of MIA relative to PIN is that our approach
does not require estimating a structural model. Given
a time series of order imbalance estimates, implement-
ing PIN involves estimating the distributions of both
informed and uniformed volumes using maximum
likelihood applied to a longer time series of observa-
tions, traditionally done at the quarterly level. By con-
trast, implementing MIA does not involve estimating
model parameters over a time series and thus can be
estimated at shorter intervals, including the daily level.
The third distinction is that MIA extends the scope of
the analysis to measure informed trade across multi-
plemarkets. Prior research demonstrates that informed
trade occurs in both options and equity markets, sug-
gesting that our multimarket approach may yield a
more comprehensive measure.

Odders-White and Ready (2008) provide an alterna-
tive structural approach to estimating the probability
and magnitude of information events. Specifically, the
authors use a modified Kyle (1985) model to summa-
rize trading behavior and price setting each day, and
estimate model parameters for firm-years using intra-
day data. Duarte et al. (2015) find that the Odders-
White and Ready (2008) approach outperforms both
the original PIN and the modified PIN in Duarte and
Young (2009). Compared to MIA, the Odders-White
and Ready (2008) approach has the advantage of sep-
arately identifying both the probability and magni-
tude of information asymmetry events, but has the
disadvantages of computational complexity, a coarser
annual frequency, and requiring first-stage estimates of
order imbalances, which can be quite noisy in recent
data.

3. Model and Empirical Predictions
3.1. Definition of MIA
We propose an empirically tractable proxy for multi-
market information asymmetry, which we call MIA.
The identifying intuition behind MIA is that informed
traders face a leverage constraint that generates a trade-
off between smaller price impact in equity markets
and additional leverage in options markets. Because
informed traders receive correlated signals, this trade-
off causes the fraction of informed trade occurring in
options versus equity markets to fluctuate over time
depending on the nature of the information received.

In contrast, uninformed traders’ choice of trading
venues is less correlated, and therefore the fraction of
uninformed trade occurring in options markets is more
stable over time. Combining these features implies
that informed traders are more likely than uninformed
traders to generate an abnormally high or low option-
to-stock volume ratio O/S.

Based on this intuition, we define our multimarket
information asymmetry measure, MIA, as is noted in
Section 1:

MIA j, t �
|O j, t/S j, t −M j, t |
O j, t/S j, t + M j, t

, (2)

where O j, t is the total option volume for firm j on day t,
S j, t is the total equity volume, and M j, t is the median
value of O/S for firm j. The numerator of Equation (2)
captures the main intuition described above: Informed
traders aremore likely than uninformed traders to gen-
erate deviations in O/S from its typical levels, and
so absolute differences between O j, t/S j, t and M j, t are
indicative of informed trade. The denominator of Equa-
tion (2) assures that MIA is nonnegative and con-
verges to 1 as all volumebecomes concentrated in either
options or stockmarkets (O/S goes to infinity or zero).

3.2. Baseline Model: Ideal Conditions
To motivate our measure, we first consider a baseline
case where MIA is an exact measure of information
asymmetry. This occurs when we take our identify-
ing assumption, that informed traders are more likely
to generate abnormal cross-market volume imbalances
than uninformed traders, to its extreme. To see this,
consider a decomposition of stock and options trad-
ing volumes based on whether they originate from
informed or uninformed traders:

St � Si , t + Su , t , (3)
Ot � Oi , t +Ou , t . (4)

Define ut and it as the fraction of uninformed and
informed trading volume occurring in options markets
on day t:

ut ≡
Ou , t

Ou , t + Su , t
, (5)

it ≡
Oi , t

Oi , t + Si , t
. (6)

Furthermore, the fraction of trades that are informed
θt is given by

θt ≡
Oi , t + Si , t ·M

Ot + St ·M
, (7)

where M converts stock volume into an option volume
representing the same number of trades, which we
assume in our model and empirical tests equals O/S in
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the absence of informed trade. Using these definitions,
we prove the following correspondence between MIAt
and θt when informed trade is concentrated entirely in
either options or stock markets, while a constant frac-
tion of uninformed trade occurs in options markets.
These assumptions represent our identifying assump-
tions taken to an extreme because they imply all varia-
tion in O/S arises from informed trade, making MIA a
precise measure of informed trade.

Theorem 1. If informed traders use options or stock
markets exclusively (it � {0 or 1}), a constant fraction
of uninformed traders use options (ut � ū), and M �

ū/(1− ū), then MIA exactly equals the fraction of trades that
are informed θt .

Proof. Under these assumptions, we only need to con-
sider two possible outcomes, informed traders using
options and informed traders using stock. In the for-
mer case, we have the following:

MIAt ≡
|Ot −St ·M |
Ot +St ·M

�
|Oi , t +Vu , t · ū−Vu , t · (1− ū) ·M |

Ot +St ·M

�
Oi , t

Ot +St ·M
�θt , (8)

where Vu , t � Ou , t + Su , t . In the latter case, we have the
following:

MIAt ≡
|Ot − St ·M |
Ot + St ·M

�
|Vu , t · ū −Vu , t · (1− ū) ·M − Si , t ·M |

Ot + St ·M

�
Si , t ·M

Ot + St ·M
� θt . (9)

Regardless of where informed traders concentrate their
volume, we have MIAt � θt . �

Throughout our empirical analysis, we assume the
average fraction of uninformed traders using options,
M, is observable. We argue this is the case because
there are a variety of settings in which there is very
little informed trade, meaning the observed O/S indi-
cates M. Our primary specification uses the firm’s
median O/S on recent trading days to estimate M
under the assumption that the median impact of
informed trade on O/S is zero. Under the parameter-
ization of our model discussed in Section 3, we find
the median O/S is extremely close to the true M. In
Section 4.4, we also discuss using O/S in the days fol-
lowing earnings announcements or fitted values from
a cross-sectional regression to estimate O/S in the
absence of informed trade.

3.3. Extended Model: Strategic Trading
The assumptions in Theorem 1 are unlikely to hold in
their exact form. For example, uninformed traders may

generate unpredictable concentrations of volume in
stock or options markets, making ut different from the
ū used to calculate M. Similarly, option market mak-
ers may hedge in stock markets, or informed traders
may receive different signals or seek to mitigate the
price impact from trading in a single market, making
it strictly between 0 and 1. To address these possibili-
ties, we examine the robustness of MIA as a proxy for
information asymmetry in a theoretical setting similar
to Back (1993) where ut fluctuates over time and it is
often between 0 and 1.

Like Back (1993), our model extends the Kyle (1985)
framework to allow strategic trading in options as well
as the underlying stock. Because the informed trader
takes into account their price impact, there is a nat-
ural incentive to use both options and stock markets
simultaneously. The key addition we make to the Back
(1993) model is a margin requirement, or equivalently
a leverage constraint, limiting the position sizes of the
informed trader. This requirement creates an inter-
dependence of the informed trader’s demand choice
in options and stock markets, which is absent from
the Back (1993) model because the informed trader is
risk neutral. The margin requirement reflects the long-
standing notion (e.g., in Black 1975, Easley et al. 1998)
that informed traders prefer options relative to trading
the stock directly because they offer additional lever-
age. Without a borrowing or margin limit, the addi-
tional leverage described in Black (1975) has no appeal
to the informed trader.

3.3.1. Model Setup. A stock liquidates at t � 1 for ṽ ∼
N(v̄ , σ2

v), as do European call and put options with
strike price v̄ for:

c̃ � (ṽ − v̄)+ , (10)
p̃ � (v̄ − ṽ)+ , (11)

respectively. The risk-free rate is zero and the stock
does not pay dividends prior to t � 1. Trading occurs
at time t � 0 between three types of agents: market
makers, uninformed traders, and informed traders.

Uninformed traders’ net demands for shares of
stock z̃s , calls z̃c , and puts z̃p are independent and nor-
mally distributed with mean zero and variances σ2

z , s ,
σ2

z , c , and σ2
z , p .

With probability φ, an informed trader observes ṽ at
t � 0.3 The informed trader chooses optimal demands
yi ≡ (ys , yc , yp) to maximize expected profits subject to
the margin constraint:

m(yi) ≡ |ys | + λ(|yc | + |yp |) ≤ m̄ , (12)

where m̄ is their margin budget and λ is each option’s
margin use, both in units of shares. We assume λ < 1 to
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reflect the notion that options provide additional lever-
age relative to shares of stock. The informed trader’s
optimization given ṽ � v is therefore

yi(v) � arg max
y s.t. m(y)≤m̄

ys(v − Ɛ(s̃0))+ yc((v − v̄)+ − Ɛ(c̃0))

+ yp((v̄ − v)+ − Ɛ(p̃0)), (13)

where s̃0, c̃0, and p̃0 are the market clearing prices at
time 0 for the three assets. These prices depend on
the informed trader’s choice of y and the uninformed
traders’ demand z. In choosing their demand yi(v),
the informed trader takes into account the impact of
their demand on expected prices. They compute these
expected prices based on the equilibrium pricing func-
tions market makers use and the distribution of possi-
ble uninformed trader demands.

Table 1. Model Parameters and Simulations

Panel A: Parameter values

Parameter Description Value

v̄ Average stock value 10
σv Standard deviation of stock value 1
σz , s Standard deviation of uninformed of stock demand 1
σz , c Standard deviation of uninformed call demand 0.5
σz , p Standard deviation of uninformed put demand 0.5
λ Margin requirement for options relative to shares of stock 0.4
m̄ Margin constraint in number of shares 1
φ Probability there is an informed trader 25%, 50%, 75%, or 100%
σu Standard deviation of fraction of uninformed volume in options 0%, 1%, 2%, or 5%
ū Average fraction of uninformed volume in options 50%
Vu Total volume of uninformed traders 3 or 6

Panel B: σu � 0%

Vu � 3 Vu � 6

φ 0.25 0.50 0.75 1.00 0.25 0.50 0.75 1.00

M̂ 1.000 1.000 1.000 0.996 1.000 1.000 1.000 0.998
Mean θ (%) 5.14 9.92 14.08 17.62 2.87 2.87 7.77 9.67
Mean MIA (%) 1.16 2.13 3.12 3.89 0.66 1.19 1.72 2.12
σ(O/S) inf (%) 3.51 3.29 3.01 2.69 2.00 1.85 1.66 1.47
σ(O/S) no inf (%) 0.00 0.00 0.00 — 0.00 0.00 0.00 —
Mean MIA inf (%) 4.65 4.26 4.16 3.89 2.63 2.39 2.29 2.12
Mean MIA no inf (%) 0.00 0.00 0.00 — 0.00 0.00 0.00 —

Panel C: σu � 1%

Vu � 3 Vu � 6

φ 0.25 0.50 0.75 1.00 0.25 0.50 0.75 1.00

M̂ 1.005 1.004 1.004 1.003 1.004 1.006 1.007 1.009
Mean θ (%) 5.15 9.92 14.08 17.62 2.87 5.51 7.77 9.66
Mean MIA (%) 2.46 3.15 3.76 4.18 2.02 2.32 2.55 2.66
σ(O/S) inf (%) 3.59 3.39 3.11 2.82 2.18 2.05 1.88 1.72
σ(O/S) no inf (%) 1.00 1.00 1.00 — 1.00 1.00 1.00 —
Mean MIA inf (%) 5.01 4.69 4.48 4.18 3.26 3.03 2.86 2.66
Mean MIA no inf (%) 1.61 1.60 1.60 — 1.61 1.61 1.62 —

Market makers observe total net order flow in each
of the three markets, x � y + z, and set prices equal to
the expected value of each asset given order flow in
that market.4 The pricing functions are therefore

s(xs)� Ɛ(ṽ | ys(ṽ)+ z̃s � xs), (14)
c(xc)� Ɛ(c̃ | yc(ṽ)+ z̃c � xc), (15)
p(xp)� Ɛ(p̃ | yp(ṽ)+ z̃p � xp). (16)

3.3.2. Model Equilibrium. Equilibrium in the model
consists of pricing functions s(xs), c(xc), and p(xp)
based on conditional expectations given the equilib-
rium trading strategy of the informed trader y(v), and
trading strategy y(v) that is optimal given the equilib-
rium pricing functions. The nonlinearity of both the
options’ payoffs and the margin constraint prevent us
from deriving a closed-form solution. Instead, we solve
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Table 1. (Continued)

Panel D: σu � 2%

Vu � 3 Vu � 6

φ 0.25 0.50 0.75 1.00 0.25 0.50 0.75 1.00

M̂ 1.009 1.011 1.014 1.016 1.007 1.011 1.014 1.017
Mean θ (%) 5.14 9.91 14.06 17.60 2.87 5.51 7.76 9.66
Mean MIA (%) 3.85 4.32 4.69 4.88 3.47 3.63 3.70 3.69
σ(O/S) inf (%) 3.85 3.66 3.42 3.16 2.67 2.57 2.44 2.33
σ(O/S) no inf (%) 2.00 2.00 2.00 — 2.00 2.00 2.00 —
Mean MIA inf (%) 5.78 5.42 5.18 4.88 4.28 4.04 3.86 3.69
Mean MIA no inf (%) 3.21 3.22 3.24 — 3.20 3.22 3.25 —

Panel E: σu � 5%

Vu � 3 Vu � 6

φ 0.25 0.50 0.75 1.00 0.25 0.50 0.75 1.00

M̂ 1.016 1.024 1.031 1.034 1.011 1.017 1.021 1.022
Mean θ (%) 5.15 9.91 14.05 17.59 2.87 5.50 7.76 9.66
Mean MIA (%) 8.16 8.15 8.04 7.83 7.96 7.86 7.73 7.58
σ(O/S) inf (%) 5.30 5.19 5.05 4.92 4.86 4.82 4.78 4.75
σ(O/S) no inf (%) 5.00 5.00 5.00 — 5.00 5.00 5.00 —
Mean MIA inf (%) 8.60 8.26 8.03 7.83 7.86 7.72 7.63 7.58
Mean MIA no inf (%) 8.01 8.04 8.07 — 7.99 8.01 8.02 —

Notes. Panel A presents parameters used in numerical solutions of the model described in Section 3.
When parameters have multiple listed values, we present results for each of the possibilities given.
Panels B–E present results of 5,000,000 simulated observations based on numerical solutions of the
model using different combinations of σu , θ, and Vu . For each simulation, we present M̂, the estimated
O/S in the absence of informed trade; average θ, the fraction of trades originating from informed
traders; averageMIA; the volatility of O/S and averageMIA in observations where there is an informed
trader; and the volatility of O/S and average MIA in observations without an informed trader.

the model numerically for a variety of parameter val-
ues given in panel A of Table 1.
The parameters we use are designed to be as realistic

and generic as possible, and other reasonable param-
eter choices appear to produce qualitatively identical
results. In Section 3.4, we discuss which parameter
choices determine the effectiveness of MIA. The key
addition we make to the Back (1993) model is a mar-
gin constraint, the impact of which is determined
by λ, the margin requirement for options relative to
shares of stock, and m̄, the margin constraint. We
assume options require a fraction λ � 0.4 of the mar-
gin required for stock positions, matching the ratio
of the Regulation T margin requirements for naked
short options positions (20% of the underlying stock
price) and for short equity positions (50% of the under-
lying stock price). We set the margin constraint m̄
equal to 1, meaning that if informed traders use stock
markets exclusively they are limited to an order size
equal to one standard deviation in uninformed order
imbalances.
Figure 1 shows equilibrium demand functions of the

informed trader given the parameters in Table 1. These
demand choices reflect the tension between the desire

to spread demand across assets to minimize price
impact versus the nonlinearity and additional leverage
afforded by options. When v is near its average value
of 10, the informed trader cannot profitably trade the
stock but can sell options, which will both expire with
values near 0, less than their unconditional mean.5 As
v increases (decreases) from 10, the informed trader
starts buying (selling) shares of stock and reducing
their short positions in calls (puts). When v deviates
from 10 by 0.5 or more, the informed trader’s uncon-
strained portfolio choice violates the margin limit and
so there is a “kink” in all three demand choices. As
Figure 1 shows, the informed trader stops dramatically
increasing their stock position for v beyond the kink,
favoring options positions because of their smaller
margin requirement. They also gradually phase out
selling options as the asset value moves farther from its
mean, eventually choosing yc � 0 when v is sufficiently
small, and yp � 0 when v is sufficiently large. For even
more extreme signals, the informed trader cuts back on
their stock trades to free up margin capacity for even
larger long positions in calls for good news and puts
for bad news.
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Figure 1. Equilibrium Informed Trader Demand
in the Model

Notes. This figure presents the equilibrium trading strategy of
informed traders in our model as a function of their information
about the underlying asset’s value v. The equilibrium is based on the
parameters described in Table 1with φ�1. In the first two panels, the
margin constraint m̄ � 1. In the second two panels, there is no mar-
gin constraint. For each pair, the top panel presents their order sizes
in shares of stock, call options, and put options. The bottom panel
presents the fraction of their trading volume that occurs in options
markets compared the fraction of uninformed trading volume.

The bottom plot in Figure 1 illustrates the key re-
sult of the model, that informed traders substantially
vary the fraction of their volume occurring in options
markets depending on the signal they receive. Their
strategic concern for price impact causes them not to
concentrate all their volume in one market, as required
for the perfect correspondence in Section 3.2 to hold.
However, the nonlinearity and additional leverage
offered by options causes substantial variations in the
fraction of informed trade in options markets. The frac-
tion ĩt ≡ Oi , t/(Oi , t + Si , t) varies between 0.41 and 1.
Moreover, this fraction is often substantially above or
below the fraction of uninformed trade occurring in
options, 0.5 in this parameterization. These fluctua-
tions cause O/S to vary more substantially, which
in turn increases average MIA, when there is more
informed trade.

To illustrate the role of the margin constraint, the
second pair of panels in Figure 1 show the equilibrium
demand choices by informed traders in our model
when m̄ � ∞. Without a margin constraint, the risk-
neutral informed trader chooses volumes in each of the
threemarkets independently. As a result, their demand
in stock markets is the familiar linear function from
Kyle (1985) and Back (1993). Their demand for both
calls and puts follows the nonlinearity of the under-
lying assets, with the informed trader selling a fixed
quantity of the option they know will expire out of the
money, and buying an increasing amount of the option
that will be in the money. For asset values far from 10,
the equilibrium order sizes for options are smaller than
the demands for stocks because there is more unin-
formed trade in stocks than calls or puts. As a result,
the fourth panel of Figure 1 shows that the fraction
of informed trade in options markets peaks for signals
near zero and continually decreases as v gets farther
from 10. Because the nonlinearity in options gener-
ates variations in informed O/S even without a mar-
gin constraint, MIA would still be an effective proxy
for informed trade as long as uninformed O/S is suffi-
ciently stable. However, we rely on the calibration with
m̄ � 1 for our main analysis because it matches the
empirical evidence that informed traders use options
due to leverage constraints, and more importantly
because it generates larger variations in informed O/S.

Figure 2 shows the equilibrium asset prices as a func-
tion of net order flow x. Price impact in equity markets
is relatively small, while price impact in options mar-
kets is large and nonlinear, reflecting the convexity in
option values as well as informed trader demands. Fig-
ure 2 also shows that price impacts are increasing in φ
due to the additional risk of adverse selection.
3.3.3. Model Volume Totals. To compute MIA in our
model, we need expressions for the total volume occur-
ring in options and stock markets. However, the Kyle
(1985) framework does not naturally produce volume
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Figure 2. Equilibrium Price Functions in the Model
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Notes. This figure presents the equilibrium pricing function used by
market makers as a function of the net demand in shares of stock, call
options, and put options. The equilibrium is based on the parameters
described in Table 1 with φ � 1 or φ � 0.25. Because the market mak-
ers are risk neutral and competitive, these prices equal the expected
value of each asset conditional on the partially-informed order flow
in that asset.

totals because it nets out demands among groups
of traders and focuses on the equilibrium price as
a function of the remaining order imbalances. We
address this by separately modeling volume totals,
which include offsetting trades as well as order imbal-
ances, from the imbalances x and y specified by our
model. Because the informed trader has no incentive to
submit offsetting orders, we assume that when y > 0,
they only submit buy orders; andwhen y < 0, they only
submit sell orders, meaning informed trading volume
equals |y |. The addition of multiple informed traders
submitting potentially offsetting orders yields qualita-
tively identical results.
Our model allows uninformed traders, by contrast,

to submit offsetting orders. Specifically, we model
uninformed volume totals in options and equity mar-
kets independently as

Ou � Vu · ũ , (17)
Su � Vu · (1− ũ). (18)

Any such volume totals are consistent with unin-
formed order imbalances zs , zc , and zp as long as the
uninformed buy volume in options equals (Vu · ũ +

zp + zc)/2, uninformed sell volume in options equals
(Vu · ũ − zp − zc)/2, uninformed buy volume in stocks
equals (Vu · (1 − ũ) + zs)/2, and uninformed sell vol-
ume in stocks equals (Vu · (1− ũ)− zs)/2. Modeling vol-
ume totals separately from order imbalances allows us
to study how changes in uninformed trading volume
totals affect MIA while holding constant the equilib-
rium pricing function.

3.4. Simulations
A key result in our model, as illustrated by Figure 1,
is that there is substantial variation in the fraction of
informed trading volume occurring in optionsmarkets.
We therefore hypothesize that abnormal O/S indicates
informed trade, making MIA an effective measure, as
long as the fraction of uninformed trading volume in
options markets is less volatile than the fraction of
informed volume. We test this hypothesis by simulat-
ing 5,000,000 observations based on numerical solu-
tions for the demand and pricing functions given the
parameterization of our model in Table 1.

For each simulated observation, we compute unin-
formed volume totals Ou , t and Su , t using the approach
outline in Section 3.3.3 and assuming ũ ∼N(ū , σ2

u) and
Vu , t �Vu .6 We also compute the informed volume totals
Oi , t and Si , t for each observation, which equal zero
with probability 1 − φ and are based on a randomly
drawn ṽ and the equilibrium demand functions y(v)
with probability φ. We then combine these volume
totals to compute both θ and MIA, as discussed in Sec-
tion 3.2:

θt ≡
Oi , t + Si , t ·M

Ot + St ·M
MIAt ≡

|Ot − St ·M |
Ot + St ·M

. (19)

To match our empirical implementation, we use the
cross-observation median of O/S as M. Table 1 shows
that across all values of σu , φ, and Vu , our estimate of
M is extremely close to the true M � ū/(1− ū)� 1 in our
parameterization. The median O/S is an accurate esti-
mate of M in ourmodel because themedianO/S obser-
vation either has no informed trading, which occurs
with probability 1 − θ, or informed trading demand
with O/S similar to the uninformed O/S.

Table 1 presents the results of these simulations for
four different values of σu (0%, 1%, 2%, and 5%), four
different values of φ (25%, 50%, 75%, and 100%), and
two different values of Vu (3 and 6), yielding a total of
32 different simulated samples. We measure the effec-
tiveness of MIAt as a proxy for θt in two ways. The
first iswhether averageMIA increases across simulated
samples as we increase φ or decrease Vu , both of which
should increase the prevalence of informed trade. The
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second is whether average MIA is higher within sim-
ulated samples among the observations where there
is informed trade compared to the observations where
there is no informed trade.
Panel B of Table 1 presents simulation results when

σu � 0, meaning a constant fraction of uninformed vol-
ume occurs in options markets, as in the ideal con-
ditions described in Section 3.2. As a result, all time
variations in O/S are generated by informed traders,
making MIA an excellent proxy for informed trade.
Panel B shows that MIA (i) monotonically and pro-
portionally increases in φ, (ii) is proportionally smaller
when Vu � 6, and (iii) is exactly 0 in observations where
there is no informed trade. The only shortcoming of
MIA in this setting is that it understates θt . This is
because informed traders use options and stock simul-
taneously, making the fraction of informed trade occur-
ring in options it fluctuate between 0 and 1, rather than
being equal to 0 or 1 as is required in Section 3.2. For
this reason, and others discussed below, our empirical
tests use MIA as an ordinal rather than cardinal mea-
sure of information asymmetry.
Panels C–E of Table 1 show simulation results as σu

increases from 1% to 5%. They show that as long as
O/S ismore volatile across observationswith informed
trade thanwithout informed trade,MIA is still an effec-
tive proxy for θt . For σu � 1% and σu � 2%, we again
find that MIA is increasing in φ, decreasing in Vu , and
higher in observations with informed trade than those
without informed trade. However, when σu � 5% the
volatility of the fraction of uninformed trade occurring
in options is very close to the volatility of the fraction
of informed trade, making the volatility of O/S similar
regardless of whether there is informed trade. In this
case, MIA slightly decreases as φ increases, slightly
decreases as Vu increases, and may be higher or lower
in observations with informed trade. In untabulated
results, we find that this trend continues and MIA is
negatively related to θ for σu larger than 5%.7 In prac-
tice, we expect σu to be smaller than the volatility of the
fraction of informed trade occurring in options to the
extent that uninformed traders receive less-correlated
signals than informed traders.
Combined, the evidence in Figure 1 and Table 1 indi-

cates MIA is an effective proxy for information asym-
metry whenever the fraction of uninformed volume
concentrated in options is sufficiently stable relative
to the equilibrium fraction of informed demand in
options markets. Our model illustrates how informed
traders with leverage constraints will endogenously
choose different volume concentrations in optionsmar-
kets depending on the signal they receive despite their
desire to minimize price impact. However, since it is
plausible for either informed or uninformed traders to
be more likely to generate abnormal O/S, whether our
identifying assumption holds andMIA is a good proxy

for informed trade is ultimately an empirical question.
To address this question, we estimate MIA for a panel
of firm-days and subject it to a battery of tests designed
to assess its validity as a proxy for information asym-
metry among traders.

4. Empirical Tests
4.1. Sample Construction
The option data for this study come from the Ivy
OptionMetrics database,8 which provides end-of-day
summary statistics for all exchange-listed options on
U.S. equities. The summary statistics include option
volume, implied volatilities, and option Greeks. The
OptionMetrics database, and hence the sample for this
study, spans from 1996 through 2013. We obtain daily
equity trading volume, returns, and price data from
the Center for Research in Security Prices (CRSP). We
obtain quarterly financials from the Compustat Indus-
trial Quarterly file. Our final sample is dictated by the
intersection of OptionMetrics, Compustat, and CRSP
data.

We restrict our sample to firm-days with recently
active put and call options markets to ensure informed
traders have access to options markets. Specifically, we
require that each daily observation has a minimum
of 30 trading days with positive volume in call and
put contracts over the six months immediately preced-
ing the measurement date in order to calibrate histor-
ical levels of firms’ O/S ratios and to ensure traders
have access to bothmarkets. Requiring a recently active
options markets, rather than a currently active options
markets, is important in our setting because informed
traders may trade in equity markets rather than option
markets depending on the signal they receive. When a
firm-day has a recently active options market, we set
missing volume totals to zero when calculating MIA.
We also eliminate closed-end funds, real estate invest-
ment trusts, American depository receipts, and firms
with a stock price below $1. The intersection of these
databases and data restrictions results in 3,533,826
firm-days over 4,284 total trading days.

We calculate MIA j, t using Equation (2):

MIA j, t �
|O j, t/S j, t −M j, t |
O j, t/S j, t + M j, t

, (20)

where O j, t is the total option volume for firm j on day t
and S j, t is the total stock volume. Specifically, following
Johnson and So (2012), O j, t equals the total volume in
option contracts, including both calls and puts, across
all strikes for options expiring in the 60 trading days
beginning five days after the trade date. We use daily
stock volume S j, t from CRSP divided by a factor of 100
to make it more comparable to the quantity of option
contracts that each pertain to 100 shares.
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Table 2. Sample Descriptive Statistics

Panel A: Sample characteristics by year

Firms Firm-days %CC MEAN MEDIAN SD

1996 664 74,978 0.650 0.427 0.347 0.280
1997 883 127,236 0.763 0.438 0.354 0.283
1998 1,045 146,497 0.806 0.450 0.364 0.289
1999 1,134 160,268 0.860 0.430 0.350 0.282
2000 1,380 201,137 0.838 0.443 0.356 0.288
2001 1,254 178,232 0.738 0.494 0.405 0.299
2002 1,118 168,768 0.666 0.493 0.413 0.304
2003 1,047 158,754 0.865 0.469 0.385 0.290
2004 1,215 191,111 0.800 0.464 0.388 0.291
2005 1,316 203,525 0.764 0.460 0.385 0.287
2006 1,470 236,129 0.829 0.456 0.384 0.288
2007 1,645 257,755 0.885 0.468 0.395 0.290
2008 1,656 270,077 0.778 0.485 0.407 0.300
2009 1,501 234,094 0.926 0.497 0.399 0.300
2010 1,466 243,205 0.796 0.469 0.396 0.293
2011 1,471 242,739 0.890 0.459 0.378 0.295
2012 1,361 216,386 0.907 0.466 0.379 0.293
2013 1,368 222,935 0.930 0.453 0.368 0.288
All 1,307 201,302 0.814 0.465 0.384 0.292

Panel B: Descriptive statistics across MIA quintiles

SIZE LBM COV DISP O S O/S

1 (Low MIA) 15.282 0.307 12.174 0.389 316,786 3,507,197 6.294
2 15.212 0.309 11.963 0.391 283,740 3,250,548 6.199
3 15.058 0.314 11.416 0.410 211,817 2,679,653 6.090
4 14.830 0.323 10.589 0.440 153,337 2,008,917 6.565
5 (High MIA) 14.338 0.350 8.979 0.759 112,715 1,603,517 7.034
High−Low −0.943 0.043 −3.196 0.370 −204,070 −1,903,679 0.740

Panel C: Average correlations

MIA SIZE LBM COV DISP O/S

MIA −0.228 0.075 −0.142 0.064 0.005
SIZE −0.202 −0.094 0.471 −0.220 0.129
LBM 0.083 −0.093 −0.073 0.154 −0.104
COV −0.122 0.438 −0.073 −0.185 0.119
DISP 0.064 −0.339 0.385 −0.121 −0.014
O/S −0.260 0.189 −0.159 0.074 −0.054

Notes. Panel A provides descriptive statistics of our multimarket information asymmetry measure, MIA. MIA is an estimate of the fraction
of volume originating from informed traders that we calculate for each firm-day using Equation (20) and observed trading volumes in the
firm’s options and stock. Panel A also lists the total number of firms and firm-days during our 1996–2013 sample. %CC is the fraction of
market capitalization in the sample in June of each year relative to the total market capitalization of all U.S. equities (with share codes of
11 or 12) at the intersection of CRSP/Compustat. MEAN, MEDIAN, and SD refer, respectively, to the annual mean, median, and standard
deviation of MIA. Panel B provides descriptive statistics across quintiles of MIA, formed each day. Panel C presents average daily Pearson
(Spearman) correlations above (below) the diagonal. SIZE equals the log of market capitalization, and LBM equals the log of one plus the ratio
of book-to-market equity. COV and DISP equal the number of analysts providing coverage and the dispersion in annual earnings forecasts
measured 10 days prior to MIA in percent. O equals average daily option market volumemultiplied by 100, S equals average daily stock market
volume, and O/S is the percent option-to-stock volume ratio (winsorized daily at the 1% and 99% levels).

Calculating MIA also requires an estimate of M j, t ,
the typical O/S value for firm j that would prevail in
the absence of private information. We use the firm’s
median O/S over the past six months ending 10 trad-
ing days before t as our estimate of M, assuming the
median O/S occurs on a day with no private informa-
tion.9 In Section 4.4, we show that our main results are
robust in estimating M using either a cross-sectional
approach, average levels of O/S following the firm’s

most recent earnings announcement, or when omitting
option expiration weeks.

Panel A of Table 2 contains sample statistics for each
year in our 1996–2013 sample window. The %CC col-
umn indicates that the firms in our sample account
for roughly 81% of the market capitalization in the
CRSP/Compustat universe as of the end of June for
each calendar year. Additionally, %CC significantly
increases over time from approximately 65% in 1996 to
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93% in 2013, indicating that the continued growth of
the options market increases the breadth of firms rep-
resented in our sample. As a point of comparison, our
sample is similar in size and composition to the pop-
ulation of firms with analyst coverage. There are also
exchanges for options on individual stocks in over 20
countries, opening the possibility of computing MIA
in non-U.S. settings.
Panel A of Table 2 also reports descriptive statistics

of MIA. The mean of MIA is fairly constant over time,
ranging from a low of 0.427 in 1996 to a high of 0.497 in
2009. The full-sample average ofMIA is 0.465, while the
median is considerably lower at 0.384, suggesting that
the distribution of MIA is right skewed. By construc-
tion, MIA is between 0 and 1, but there is significant
cross-sectional variation, as indicated by the standard
deviation of 0.292.

The average values of MIA in Table 2 may be larger
than some readers find intuitive. Under the ideal con-
ditions forMIA presented in Section 3.2, only informed
traders generate abnormal O/S, and so MIA is the
exact fraction of traders with private information about
the firm’s fundamental value. In reality, uninformed
traders may also cause abnormal O/S in some cases,
and informed traders may not always generate abnor-
mal O/S,making an ordinal, rather than cardinal, mea-
sure of information asymmetry among traders. Our
calibrated model reflects this, as the average values
of MIA can be smaller or larger than the extent of
informed trade θ depending on the parameterization,
but there is nevertheless a strong correlation between
MIA and θ.

Panel B of Table 2 provides time-series averages of
firm characteristics across quintiles of MIA. We assign
firms to quintiles each trading day, where the high-
est (lowest) values are assigned to quintile 5 (1). For
each firm, we calculate SIZE, defined as the log of mar-
ket capitalization; LBM, defined as the log of one plus
the book-to-market ratio; COV, defined as the num-
ber of analysts covering the firm; and DISP, defined
as the dispersion in analysts’ FY1 earnings forecast.
O/S is the daily option-to-stock volume ratio, win-
sorized at the 1% and 99% levels each trading day.
Panel B demonstrates that SIZE, COV, and options
and equity volumes (denoted as O and S, respectively)
are all decreasing across MIA quintiles, which indi-
cates that informed trade is more pronounced among
smaller firms with less analyst coverage and lower
trading volume. Similarly, LBM and DISP are increas-
ing across MIA quintiles, indicating that informed
trade is more pronounced among neglected “value”
stocks with greater uncertainty.

Panel B of Table 2 also shows that O/S displays a U-
shaped pattern acrossMIA quintiles. Similarly, panel C
of Table 2 presents average daily correlations in firm
characteristics and volume totals, which show that O/S

has a weak positive Pearson correlation (�0.005) with
MIA but a negative Spearman correlation with MIA
(�−0.260). This is consistent with the key result in our
model that informed traders concentrate different frac-
tions of their volume in options markets depending on
the signal they receive, resulting in either an increase
or a decrease in O/S (meaning informed trade is better
measured by the absolute change in O/S than the level
of O/S).

4.2. Associations with MIA
Most models of trading with asymmetric information
share the feature that illiquidity, as measured by bid-
ask spreads or price impact, increases in response
to adverse selection risk. Because abnormal O/S, by
definition, is difficult to anticipate, we predict illiq-
uidity increases in both options and equity markets
when adverse selection is high regardless of whether
abnormal volume is currently concentrated in options
or equity markets. Therefore, if MIA is an effective
proxy for information asymmetry among traders, it
should be positively related to bid-ask spreads and
price impact regardless of where abnormal volume is
currently concentrated.

We test this prediction first using relative bid-ask
spreads in both equity and options markets. For equity
markets, we calculate a firm’s relative bid-ask spread at
the end of each trading day using closing quotes from
CRSP.10 For options markets, we calculate the average
end-of-day bid-ask spread for all outstanding options
contracts for a given firm at the end of each trading day,
weighting each option contract by its open interest.

Columns (1) and (2) of Table 3 contain results from
daily Fama and MacBeth (1973) regressions of equity
market spreads on contemporaneously measured MIA
and several control variables.11 The MIA coefficient
in column (1) is 0.010 (t-statistic = 9.80), indicating
that MIA possesses a significant positive relation with
contemporaneous equity market spreads. This relation
holds after controlling for the log of one plus con-
temporaneous changes in equity and option volumes,
∆EQVOL and ∆OPVOL, defined, respectively, as the
percentage change in equity and option volumes rela-
tive to the average of each volume over the six months
ending 10 days prior to day t. We also control for rel-
ative spreads from t − 1 to t − 5 to account for auto-
correlation in spreads. Column (2) demonstrates that
the positive MIA-spread relation is robust in control-
ling for O/S, consistent with the earlier evidence that
MIA and O/S capture distinct market outcomes. By
controlling for ∆EQVOL and ∆OPVOL, we absorb any
impact that changes of O/S have on spreads, meaning
the association between MIA and spreads is driven by
the nonlinear functional form used to compute MIA
rather than a simple linear relation between O/S and
spreads.

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

12
8.

62
.2

11
.5

6]
 o

n 
28

 M
ar

ch
 2

01
8,

 a
t 0

8:
55

 . 
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y,

 a
ll 

ri
gh

ts
 r

es
er

ve
d.

 



Johnson and So: A Simple Multimarket Measure of Information Asymmetry
Management Science, 2018, vol. 64, no. 3, pp. 1055–1080, ©2017 INFORMS 1067

Table 3. Relative Spreads and Illiquidity Regressions

Dep. variable: Equity spreads Option spreads ILLIQ

(1) (2) (3) (4) (5) (6)

MIA 0.010∗∗∗ 0.010∗∗∗ 0.002∗∗∗ 0.002∗∗∗ 0.003∗∗∗ 0.002∗∗∗
(9.80) (9.92) (7.07) (7.21) (3.74) (3.18)

Lag(−1) 0.191∗∗∗ 0.191∗∗∗ 0.412∗∗∗ 0.412∗∗∗ 0.226∗∗∗ 0.225∗∗∗
(31.76) (31.67) (91.53) (91.53) (107.81) (107.28)

Lag(−2) 0.173∗∗∗ 0.173∗∗∗ 0.184∗∗∗ 0.184∗∗∗ 0.202∗∗∗ 0.202∗∗∗
(34.62) (34.52) (68.44) (68.34) (102.30) (101.43)

Lag(−3) 0.159∗∗∗ 0.159∗∗∗ 0.186∗∗∗ 0.186∗∗∗ 0.189∗∗∗ 0.188∗∗∗
(33.95) (33.78) (77.10) (77.09) (92.40) (92.20)

Lag(−4) 0.162∗∗∗ 0.162∗∗∗ 0.202∗∗∗ 0.202∗∗∗ 0.182∗∗∗ 0.182∗∗∗
(35.14) (35.19) (75.01) (75.08) (87.33) (87.06)

VLTY 0.000∗∗∗ 0.000∗∗∗ −0.000∗∗∗ −0.000∗∗∗ 0.000∗∗∗ 0.000∗∗∗
(2.62) (2.79) (−5.25) (−5.26) (10.84) (9.39)

SIZE −0.007∗∗∗ −0.007∗∗∗ −0.000 −0.000 −0.021∗∗∗ −0.021∗∗∗
(−11.21) (−10.96) (−0.60) (−0.45) (−21.11) (−21.01)

INST −0.013∗∗∗ −0.013∗∗∗ 0.002∗∗∗ 0.002∗∗∗ −0.031∗∗∗ −0.030∗∗∗
(−10.02) (−10.01) (5.49) (5.63) (−17.37) (−17.69)

COV 0.001∗∗ 0.001∗∗ −0.001∗∗∗ −0.001∗∗∗ 0.003∗∗∗ 0.003∗∗∗
(2.33) (2.23) (−6.28) (−6.42) (9.02) (8.66)

∆EQVOL −0.001∗ −0.001∗∗ 0.001∗∗∗ 0.001∗∗∗ −0.014∗∗∗ −0.013∗∗∗
(−1.91) (−2.02) (15.34) (15.30) (−18.85) (−19.20)

∆OPVOL −0.000∗ −0.000 0.000 −0.000 0.000∗∗∗ 0.000
(−1.85) (−1.07) (0.18) (−0.21) (7.08) (1.14)

O/S — −0.000∗∗∗ — −0.000 — 0.000∗∗∗
— (−4.49) — (−0.01) — (10.43)

Intercept 0.148∗∗∗ 0.146∗∗∗ 0.003∗∗ 0.003∗∗ 0.349∗∗∗ 0.353∗∗∗
(12.61) (12.47) (2.11) (1.96) (21.54) (21.54)

R2 (%) 46.477 46.575 58.571 58.660 64.233 64.352

Notes. This table presents average regression statistics from daily Fama–MacBeth regressions where the dependent variable is a firm’s relative
spread in equitymarkets; relative spread in optionsmarkets; or Amihud illiquidity ratiomeasured on day t, where t is the date ofmeasurement
for our multimarket information asymmetry measure, MIA. We calculate daily relative spreads in equity markets using closing bid and ask
prices from CRSP. Option market spreads are defined as the open-interest-weighted average relative spreads across all option contracts for a
given firm-day. Both spread measures are calculated on the same day as MIA. We calculate daily Amihud illiquity ratio (ILLIQ) as the daily
absolute return scaled by total dollar volume and multiplied by 109. Lag(N) equals the dependent variable measured on day t + N . MIA is
an estimate of the fraction of volume originating from informed traders that we calculate for each firm-day using Equation (20) and observed
trading volumes in the firm’s options and stock. SIZE equals the log of market capitalization and VLTY is the standard deviation of returns
over the six months ending 10 days prior to day t. INST is the fraction of shares held by institutions, and COV is the log of one plus the number
of analysts covering the firm. ∆EQVOL and ∆OPVOL equal the percentage change in equity and option volumes relative to the average of
each volume over the six months ending 10 days prior to day t. O/S is the option-to-stock volume ratio on day t. The parentheses contain
t-statistics from the Fama–MacBeth regressions after Newey andWest (1987) adjustments for autocorrelation up to 25 lags. The sample consists
of 3,533,826 firm-days spanning from 1996 through 2013.
∗∗∗, ∗∗, and ∗ indicate significance at the 1%, 5%, and 10% levels, respectively.

Columns (3) and (4) of Table 3 contain regression
results where the dependent variable is option mar-
ket spreads, also measured contemporaneously with
MIA. The MIA coefficients in columns (3) and (4) are
again significantly positive (t-statistics = 7.07 and 7.21,
respectively), indicating MIA is associated with wider
spreads in options markets. We also examine the asso-
ciation between MIA and an alternative measure of
liquidity, the log Amihud illiquidity ratio (ILLIQ).
Columns (5) and (6) of Table 3 show MIA is positively
related to concurrent values of ILLIQ (t-statistics� 3.74
and 3.18, respectively), indicating there is greater price
impact and less liquidity when MIA is high. Together,
the evidence in Table 3 provides support for MIA as

a measure of informed trade by showing that market
makers decrease liquidity when adverse selection, as
measured by MIA, is high.

Another implication of most models of trading
under information asymmetry is that informed traders
aremore likely to generate order imbalances than unin-
formed traders. Therefore, if MIA is a good proxy for
information asymmetry, it should be positively asso-
ciated with order imbalances. To test this prediction,
Table 4 examines the association between MIA and
absolute order imbalances in the equity market esti-
mated from daily trade and quote data using the Lee
and Ready (1991) algorithm. Despite the aforemen-
tioned problems with merging trade and quote data
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Table 4. Absolute Order Imbalance Regressions

Dep. variable: OIB

(1) (2) (3)

MIA 0.015∗∗∗ 0.007∗∗∗ 0.006∗∗∗
(27.45) (10.85) (10.47)

MIA×D(O/S < M) — 0.014∗∗∗ 0.014∗∗∗
— (19.15) (18.64)

D(O/S < M) — −0.002∗∗∗ −0.002∗∗∗
— (−5.00) (−5.24)

OIB(−1) 0.128∗∗∗ 0.128∗∗∗ 0.127∗∗∗
(46.93) (46.47) (46.38)

OIB(−2) 0.096∗∗∗ 0.095∗∗∗ 0.095∗∗∗
(42.79) (42.61) (42.34)

OIB(−3) 0.088∗∗∗ 0.087∗∗∗ 0.087∗∗∗
(42.02) (41.65) (41.53)

OIB(−4) 0.085∗∗∗ 0.084∗∗∗ 0.084∗∗∗
(39.84) (39.53) (39.38)

VLTY −0.001∗∗∗ 0.001∗∗∗ 0.001∗∗∗
(−21.03) (5.80) (5.89)

SIZE −0.007∗∗∗ −0.000 −0.000∗
(−26.25) (−1.59) (−1.92)

INST −0.001∗∗ −0.001∗∗∗ −0.001∗∗∗
(−2.38) (−20.91) (−20.94)

COV −0.004∗∗∗ −0.007∗∗∗ −0.007∗∗∗
(−19.88) (−25.99) (−25.10)

∆EQVOL 0.001∗∗∗ −0.004∗∗∗ −0.004∗∗∗
(6.98) (−20.18) (−20.10)

∆OPVOL −0.000∗∗∗ −0.001∗∗ −0.001∗
(−8.18) (−2.00) (−1.66)

O/S — — 0.000
— — (0.48)

Intercept 0.198∗∗∗ 0.198∗∗∗ 0.198∗∗∗
(33.89) (33.71) (33.09)

R2 (%) 13.515 13.895 14.093

Notes. This table presents average regression statistics from daily
Fama–MacBeth regressions where the dependent variable is a firm’s
absolute order imbalance measured on day t, where t indicates the
date of measurement for our multimarket information asymmetry
measure, MIA. We calculate daily absolute order imbalance as the
absolute imbalance of buyer- versus seller-initiated volume scaled by
total volume. We identify buyer- versus seller-initiated volume using
the Lee–Ready algorithm and intraday TAQ data. OIB(N) equals the
absolute order imbalance on day t + N . MIA is an estimate of the
fraction of volume originating from informed traders that we cal-
culate for each firm-day using Equation (20) and observed trading
volumes in the firm’s options and stock. SIZE equals the log of mar-
ket capitalization and VLTY is the standard deviation of returns over
the six months ending 10 days prior to day t. INST is the fraction
of shares held by institutions, and COV is the log of one plus the
number of analysts covering the firm. ∆EQVOL and ∆OPVOL equal
the percentage change in equity and option volumes relative to the
average of each volume over the six months ending 10 days prior
to day t. (O/S < M) is an indicator variable equal to one when O/S
is less than M, where M is the median level of O/S over the past
six months ending 10 days prior. The parentheses contain t-statistics
from the Fama–MacBeth regressions after Newey–West adjustments
for autocorrelation up to 25 lags. The sample consists of 3,533,826
firm-days spanning from 1996 through 2013.
∗∗∗, ∗∗, and ∗ indicate significance at the 1%, 5%, and 10% levels,

respectively.

in high-frequency markets, estimates of order imbal-
ances are still commonly used by economists studying
information in financial markets; thus, establishing a
relationship between MIA and order imbalances is a
helpful validity check for our measure. Table 4 shows
that higher values of MIA are associated with greater
absolute order imbalances, incremental to past imbal-
ances and concurrent changes in volumes. This relation
is consistent with the intuition that informed traders
are more likely to create directional order imbalances
as they attempt to capitalize on their information.

Our model predicts that equity market imbalances
are more closely related to the extent of informa-
tion asymmetry when informed traders concentrate a
higher fraction of their volume in equity markets, mak-
ing O/S smaller than M. To test this prediction, we add
an interaction term betweenMIA and an indicator vari-
able that equals one when O/S < M. Consistent with
our prediction, we find that the relation between MIA
and equity market order imbalances is twice as strong
when O/S < M, compared to cases when O/S > M.
Note that we do not include interactions between MIA
and O/S < M in our spread and price-impact regres-
sions (i.e., Table 3) based on the intuition that equity
market makers are concerned about adverse selection
risk when MIA j, t is high, and therefore reduce liquid-
ity, without knowing ahead of time where informed
agents actually trade on day t.

4.3. Predicting Volatility with MIA
Our next tests are based on the hypothesis that
informed trade is more prevalent before periods of
abnormal volatility. This could be the case for three rea-
sons. The first is that some traders, through the use of
prediction models or privileged access to the informa-
tion itself, may have foreknowledge of pending news,
resulting in an increase in the number of informed
traders and abnormally high future volatility when
the news becomes public (e.g., Grossman and Stiglitz
1980). The second is that, controlling for the number
of informed traders, higher volatility news presents a
more profitable trading opportunity and will there-
fore increase the size of informed traders’ orders (e.g.,
Easley and O’Hara 1987). The third is that informed
traders themselves create an order imbalance cascade
that causes the subsequent volatility in stock prices
(e.g., Easley et al. 2012). All of these forces suggest that
next-period returns will be more volatile when MIA is
high, both when abnormal volume is concentrated in
options and when it is concentrated in stocks.

We test this prediction by examining the rela-
tion between MIA and future realized volatility in
a multivariate setting. Column (1) of panel A in
Table 5 contains results from Fama–MacBeth regres-
sions of one-day-ahead squared returns, RETSQ, on
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Table 5. Predicting Volatility Using MIA

Panel A: Regressions of future volatility on MIA

Dep. variable: RETSQ(1) RETSQ(2) RETSQ(3) RETSQ(4) RETSQ(5)
(1) (2) (3) (4) (5)

MIA 1.307∗∗∗ 0.815∗∗∗ 0.994∗∗∗ 1.023∗∗∗ 0.671∗∗
(5.04) (3.18) (3.38) (3.63) (2.40)

RETSQ 0.132∗∗∗ 0.083∗∗∗ 0.079∗∗∗ 0.051∗∗∗ 0.062∗∗∗
(17.64) (9.26) (11.01) (8.47) (6.83)

RETSQ(−1) 0.070∗∗∗ 0.073∗∗∗ 0.052∗∗∗ 0.060∗∗∗ 0.067∗∗∗
(9.11) (10.71) (9.00) (7.13) (7.21)

RETSQ(−2) 0.062∗∗∗ 0.055∗∗∗ 0.065∗∗∗ 0.074∗∗∗ 0.061∗∗∗
(10.47) (10.19) (7.98) (7.73) (7.59)

RETSQ(−3) 0.047∗∗∗ 0.064∗∗∗ 0.068∗∗∗ 0.067∗∗∗ 0.044∗∗∗
(9.38) (7.54) (7.28) (7.97) (7.66)

RETSQ(−4) 0.062∗∗∗ 0.067∗∗∗ 0.065∗∗∗ 0.042∗∗∗ 0.057∗∗∗
(8.14) (7.25) (8.81) (6.45) (10.26)

VLTY 0.483∗∗∗ 0.501∗∗∗ 0.513∗∗∗ 0.538∗∗∗ 0.545∗∗∗
(22.53) (21.70) (21.35) (22.18) (22.31)

SIZE −0.928∗∗∗ −0.977∗∗∗ −0.991∗∗∗ −1.011∗∗∗ −1.022∗∗∗
(−11.23) (−12.67) (−12.66) (−12.66) (−12.43)

INST −1.291∗∗∗ −1.228∗∗∗ −1.297∗∗∗ −1.387∗∗∗ −1.382∗∗∗
(−4.05) (−3.59) (−3.57) (−3.86) (−3.87)

COV 0.327∗∗∗ 0.263∗∗∗ 0.246∗∗∗ 0.221∗∗∗ 0.211∗∗
(4.15) (3.36) (3.08) (2.69) (2.53)

∆EQVOL 1.730∗∗∗ 0.798∗∗∗ 0.496∗∗∗ 0.573∗∗∗ 0.299∗∗∗
(9.68) (5.66) (4.60) (4.81) (2.64)

∆OPVOL −0.021∗∗ −0.031∗∗∗ −0.029∗∗∗ −0.044∗∗∗ −0.041∗∗∗
(−2.33) (−3.22) (−2.96) (−3.52) (−3.58)

O/S 0.057∗∗∗ 0.060∗∗∗ 0.070∗∗∗ 0.061∗∗∗ 0.065∗∗∗
(5.97) (5.93) (7.21) (7.24) (7.24)

Intercept 14.609∗∗∗ 16.229∗∗∗ 16.565∗∗∗ 17.155∗∗∗ 17.526∗∗∗
(11.08) (12.22) (12.27) (12.39) (12.41)

R2 (%) 11.192 10.023 9.624 9.405 9.296

MIA and several control variables. We use Fama–
MacBeth regressions to focus on cross-sectional varia-
tion inMIA rather than time-series variation that could
be driven by aggregate factors such as changingmarket
structure, macroeconomic conditions, trader senti-
ment, or funding liquidity. We also control for cross-
sectional variation in lagged volatility over the past
five trading days, longer-window historical volatility,
firm size, O/S, and changes in options and equity
volumes.
Column (1) of Table 5 shows that MIA positively

predicts next-day volatility incremental to our control
variables. As an indication of this relation’s economic
significance, all else equal, a one-standard-deviation
increase in MIA increases next-day squared returns by
0.38 percentage points, corresponding to a 0.62 per-
centage point increase in volatility.12 Columns (2)–(5)
show that MIA has significant, gradually-diminishing,
predictive power for future volatility from t +2 to t +5,
suggesting that MIA captures information asymmetry
about events that are likely to occur within the next
week of trading.

Given the strong relation between MIA and future
volatility documented in Table 5, one potential concern
is that these results reflect a mechanical correlation
between option volume and expectations of volatility
based on public information.We document at least two
results that mitigate this concern. First, in panel B of
Table 5, we disaggregate MIA and show that it predicts
volatility both when O/S increases (i.e., O/S > M) and
when it decreases (i.e., O/S < M), which is consistent
with our model because informed traders may prefer
to trade stocks over options before the arrival of public
information. Second, as discussed below, we also con-
trol for option-implied volatility as a summary mea-
sure of expected volatility based on public information.

To assess howmuch of the information inMIA about
future volatility is already reflected in option prices
and commonly used proxies for information asym-
metry, we repeat our volatility prediction regressions
with four additional independent variables. The first
is option-implied variance, IV. We calculate IV con-
currently with MIA on day t as the square of aver-
age implied volatility across the firm’s closest maturity,
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Table 5. (Continued)

Panel B: Regressions of future volatility on disaggregated MIA

Volatility measure: RETSQ(1) RETSQ(2) RETSQ(3) RETSQ(4) RETSQ(5)
(1) (2) (3) (4) (5)

MIA (O/S >M) 1.613∗∗∗ 0.696∗∗∗ 0.423 0.727∗∗ −0.290
(4.88) (2.66) (1.30) (2.33) (−0.99)

MIA (O/S <M) 1.031∗∗∗ 0.714∗∗ 1.183∗∗∗ 1.169∗∗∗ 1.083∗∗∗
(3.52) (2.38) (3.42) (3.51) (3.25)

RETSQ 0.131∗∗∗ 0.082∗∗∗ 0.079∗∗∗ 0.050∗∗∗ 0.062∗∗∗
(17.45) (9.21) (10.96) (8.24) (6.82)

RETSQ(−1) 0.069∗∗∗ 0.073∗∗∗ 0.051∗∗∗ 0.060∗∗∗ 0.067∗∗∗
(8.98) (10.67) (8.93) (7.09) (7.22)

RETSQ(−2) 0.062∗∗∗ 0.054∗∗∗ 0.064∗∗∗ 0.074∗∗∗ 0.060∗∗∗
(10.41) (10.14) (7.93) (7.71) (7.61)

RETSQ(−3) 0.046∗∗∗ 0.064∗∗∗ 0.068∗∗∗ 0.067∗∗∗ 0.044∗∗∗
(9.27) (7.52) (7.26) (7.96) (7.66)

RETSQ(−4) 0.061∗∗∗ 0.066∗∗∗ 0.065∗∗∗ 0.042∗∗∗ 0.057∗∗∗
(8.14) (7.22) (8.81) (6.41) (10.24)

VLTY 0.486∗∗∗ 0.502∗∗∗ 0.512∗∗∗ 0.538∗∗∗ 0.543∗∗∗
(22.85) (21.84) (21.48) (22.37) (22.37)

SIZE −0.925∗∗∗ −0.979∗∗∗ −0.995∗∗∗ −1.008∗∗∗ −1.023∗∗∗
(−11.20) (−12.80) (−12.71) (−12.65) (−12.46)

INST −1.288∗∗∗ −1.213∗∗∗ −1.252∗∗∗ −1.346∗∗∗ −1.295∗∗∗
(−4.12) (−3.61) (−3.55) (−3.85) (−3.71)

COV 0.324∗∗∗ 0.259∗∗∗ 0.237∗∗∗ 0.214∗∗∗ 0.197∗∗
(4.21) (3.36) (3.02) (2.64) (2.41)

∆EQVOL 1.747∗∗∗ 0.811∗∗∗ 0.496∗∗∗ 0.570∗∗∗ 0.282∗∗
(9.69) (5.75) (4.61) (4.74) (2.47)

∆OPVOL −0.032∗∗∗ −0.037∗∗∗ −0.028∗∗ −0.042∗∗∗ −0.031∗∗
(−3.20) (−3.47) (−2.54) (−2.69) (−2.37)

O/S 0.057∗∗∗ 0.064∗∗∗ 0.081∗∗∗ 0.067∗∗∗ 0.080∗∗∗
(5.64) (6.27) (7.73) (7.80) (8.29)

Intercept 14.580∗∗∗ 16.282∗∗∗ 16.646∗∗∗ 17.131∗∗∗ 17.593∗∗∗
(11.04) (12.32) (12.32) (12.36) (12.46)

R2 (%) 11.369 10.186 9.786 9.568 9.453

Notes. This table presents summary statistics from daily Fama–MacBeth regressions where the dependent variable is squared realized percent
returns. RETSQ(N) equals the square of firms’ raw percent return on day t+N , where t indicates the date of measurement for our multimarket
information asymmetry measure, MIA. MIA is an estimate of the fraction of volume originating from informed traders that we calculate for
each firm-day using Equation (20) and observed trading volumes in the firm’s options and stock. SIZE equals the log of market capitalization
and VLTY is the standard deviation of returns over the six months ending 10 days prior to day t. INST is the fraction of shares held by
institutions and COV is the log of one plus the number of analysts covering the firm. ∆EQVOL and ∆OPVOL equal the percentage change in
equity and option volumes relative to the average of each volume over the six months ending 10 days prior to day t. Panel B disaggregates MIA
based on whether O/S is larger than M, where M is the median level of O/S over the past six months ending 10 days prior. The parentheses
contain t-statistics from the Fama–MacBeth regressions after Newey–West adjustments for autocorrelation up to 25 lags. The sample consists
of 3,533,826 firm-days spanning from 1996 through 2013.
∗∗∗, ∗∗, and ∗ indicate significance at the 1%, 5%, and 10% levels, respectively.

at-the-money call and put options, divided by 252 to
transform it into a daily measure. The next three are
often-used proxies for information asymmetry among
traders: the firm’s relative spread, Amhiud illiquidity
ratio, and absolute order imbalance, all measured con-
currently with MIA.

The results of this horse race are in Table 6. The IV
coefficient is positive, highly significant, and absorbs
most of the predictive power of past volatility. More
importantly, MIA is significantly positively related to
future volatilities from days t + 1 to t + 5 (t-statistics

ranging from 4.77 to 1.88) incremental to IV as well as
the other controls and proxies in Table 4. The signifi-
cantly positive relation is consistent with MIA captur-
ing private information about future price movements
that is not yet reflected in option prices or other proxies
for information asymmetry. However, the coefficients
onMIA in panel A of Table 6 aremuch smaller than the
analogous results in Table 5 that do not control for IV,
indicating that options markets reflect much, but not
all, of the information in MIA about future volatility.13
Finally, while MIA predicts volatility incremental to
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Table 6. Incremental Volatility Prediction

Dep. variable: RETSQ(1) RETSQ(2) RETSQ(3) RETSQ(4) RETSQ(5)
(1) (2) (3) (4) (5)

MIA 1.065∗∗∗ 0.595∗∗∗ 0.781∗∗∗ 0.703∗∗∗ 0.465∗
(4.77) (2.76) (2.87) (3.01) (1.88)

RS 1.281 0.365 −1.138 −0.349 −0.450
(1.18) (0.33) (−1.23) (−0.26) (−0.41)

ILLIQ −1.808∗∗∗ −1.498∗∗∗ −1.181∗∗∗ −1.599∗∗∗ −1.119∗∗∗
(−4.33) (−3.59) (−2.61) (−4.05) (−2.61)

OIB −3.196∗∗∗ −2.221∗∗∗ −1.490∗∗∗ −0.903 −1.828∗∗∗
(−4.22) (−4.55) (−2.98) (−1.21) (−2.81)

O/S −0.002 −0.003 0.003 0.003 0.004
(−0.22) (−0.33) (0.36) (0.36) (0.41)

IV 0.878∗∗∗ 0.901∗∗∗ 0.932∗∗∗ 0.923∗∗∗ 0.857∗∗∗
(20.81) (17.29) (18.09) (16.94) (18.13)

RETSQ(0) 0.087∗∗∗ 0.043∗∗∗ 0.036∗∗∗ 0.021∗∗∗ 0.032∗∗∗
(11.09) (5.59) (4.02) (3.73) (3.46)

RETSQ(−1) 0.021∗∗∗ 0.022∗∗∗ 0.006 0.018∗∗ 0.022∗∗
(3.07) (3.15) (1.10) (2.18) (2.48)

RETSQ(−2) 0.014∗∗ 0.010∗ 0.027∗∗∗ 0.020∗∗ 0.011∗
(2.18) (1.88) (3.25) (2.18) (1.72)

RETSQ(−3) 0.005 0.025∗∗∗ 0.011 0.012∗ −0.001
(0.95) (2.94) (1.48) (1.91) (−0.13)

RETSQ(−4) 0.017∗∗ 0.016∗ 0.010 −0.005 0.006
(2.23) (1.93) (1.64) (−0.65) (0.86)

VLTY 0.010 0.010 0.006 0.025 0.067∗∗
(0.38) (0.29) (0.18) (0.70) (2.15)

SIZE 0.045 0.060 0.075 0.003 −0.046
(0.59) (0.62) (0.79) (0.03) (−0.51)

INST 0.496∗ 0.669∗∗ 0.619∗ 0.671∗∗ 0.641∗∗
(1.80) (2.26) (1.90) (2.15) (1.97)

COV 0.145∗ 0.074 0.063 0.003 0.033
(1.94) (0.92) (0.78) (0.04) (0.40)

∆EQVOL 1.215∗∗∗ 0.346∗∗∗ 0.114 0.007 −0.087
(8.69) (3.07) (1.28) (0.07) (−0.98)

∆OPVOL −0.000 −0.008 −0.008 −0.016 −0.024∗∗
(−0.01) (−0.63) (−0.83) (−1.59) (−2.05)

Intercept −2.250∗ −1.891 −2.156 −0.703 0.310
(−1.69) (−1.15) (−1.29) (−0.45) (0.20)

R2 (%) 15.145 13.873 13.572 13.282 13.042

Notes. This table presents summary statistics from daily Fama–MacBeth regressions where the dependent variable is squared realized percent
returns. RETSQ(N), MIA, VLTY, SIZE, Log(EQVOL), Log(OPVOL), ∆EQVOL, and ∆OPVOL are defined in the notes of Table 5. RS equals
the firm’s relative bid-ask spread, OIB equals the absolute order imbalance of buyer- versus seller-initiated volume scaled by total volume,
ILLIQ equals the Amihud illiquidity ratio, O/S is the option-to-stock volume ratio, all measured on day t. IV is the option-implied variance,
calculated concurrently with MIA as the square of average implied volatility across the firm’s closest maturity, at-the-money call and put
options, divided by 252 to transform it into a daily measure. SIZE equals the log of market capitalization and VLTY is the standard deviation
of returns over the six months ending 10 days prior to day t. INST is the fraction of shares held by institutions and COV is the log of one plus
the number of analysts covering the firm. ∆EQVOL and ∆OPVOL equal the percentage change in equity and option volumes relative to the
average of each volume over the six months ending 10 days prior to day t. The parentheses contain t-statistics from Fama–MacBeth regressions
after Newey–West adjustments for autocorrelation up to 25 lags. The sample consists of 3,533,826 firm-days spanning from 1996 through 2013.
∗∗∗, ∗∗, and ∗ indicate significance at the 1%, 5%, and 10% levels, respectively.

IV, other potential proxies for information asymmetry
(bid-ask spreads, the Amihud illiquidity ratio, order
imbalances, and O/S) are either insignificantly and/or
negatively related to future volatility, suggesting that
MIA outperforms these prior proxies in capturing the
level of information asymmetry among traders associ-
ated with the arrival of new information.14

4.4. Alternative Implementations and Robustness
In this subsection, we examine alternative implemen-
tations of our main tests.
4.4.1. Alternative Estimations of M. As expressed in
Equation (20), calculating MIA requires an estimate of
M j, t , the typical level of O/S for firm j in the absence
of private information. In our main tests, we rely on the
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historical median of O/S as a proxy for M j, t . To gauge
the sensitivity of our findings to this assumption, we
also consider two alternative approaches for calculat-
ing M j, t . Our first alternative approach defines M j, t
as the average level of a firm’s O/S in the week after
the firm’s most recent earnings announcement under
the assumption that the public announcement resolves
information asymmetry among investors. The use of
O/S after earnings announcements yields qualitatively
identical results that are untabulated for brevity. Our
main tests rely on M j, t computed from the within-firm
time series because it is easier to implement empirically
and mitigates the impact of cross-sectional differences
in the extent to which earnings announcements resolve
information asymmetry.
Our second alternative approach defines M j, t based

on historically-estimated relations between O/S and
firm characteristics using the empirical model from
Roll et al. (2010). Using cross-sectional regressions
rather than within-firm medians to estimate M j, t refo-
cuses our measure on abnormal O/S relative to firms
with similar characteristics rather than firm j’s recently
observed O/S. This approach mitigates the concern
that some firms have persistent informed trade that
causes the historical median of their O/S to reflect pri-
vate information. We implement a version of MIA that
uses historically estimated relations between O/S and
firm characteristics to estimate M j, t , which we refer to
as FIA.
To estimate FIA, we use the empirical model from

Roll et al. (2010) that estimates the relation between
firms’ daily O/S and several firm characteristics: log
market capitalization, relative spread, implied volatil-
ity, option delta, analyst following and forecast
dispersion, institutional ownership, and an indicator
variable for earnings announcements. We fit daily O/S
to these firm characteristics each calendar year and
apply the average coefficient estimates from the prior
year to firm’s current characteristics to estimate M j, t .

Panel A Table 7 shows our main findings hold when
using FIA in place ofMIA. Specifically, FIA is positively
associated with relative spreads, the Amihud illiquid-
ity ratio, and order imbalances, and also positively pre-
dicts volatility, incremental to the same controls used in
Tables 3–6. These findings provide additional support
for our central hypothesis that abnormal levels of O/S
are indicative of informed trade. Our main tests rely on
MIA, rather than FIA, because it is easier to implement
empirically and because firms may have persistent dif-
ferences in their O/S for institutional or behavioral
reasons not captured by these chosen characteristics,
making their O/S persistently and significantly differ-
ent from the fitted version of M j, t for reasons other than
information asymmetry. The time-series definition of
M j, t we use to compute MIA, by contrast, cancels out
these persistent differences by using within-firm vari-
ation in O/S.

Table 7. Alternative Implementations and Robustness

Dep var: Eq. Spr. Op. Spr. ILLIQ OIB RETSQ(1)

Panel A: Regressions using fitted MIA (“FIA”)
FIA 0.004∗∗∗ 0.001∗∗∗ 0.011∗∗∗ 0.002∗∗∗ 0.719∗∗∗

(6.05) (5.50) (12.74) (6.94) (2.87)
R2 0.441 0.582 0.642 0.141 0.146
Controls Yes Yes Yes Yes Yes

Panel B: Regressions with firm and year fixed effects
MIA 0.004∗∗∗ 0.003∗∗∗ 0.019∗∗∗ 0.009∗∗∗ 1.758∗∗∗

(8.09) (24.73) (11.80) (38.88) (9.78)
R2 0.575 0.622 0.504 0.232 0.070
Controls Yes Yes Yes Yes Yes

Panel C: Regressions excluding options expiration weeks
MIA 0.011∗∗∗ 0.002∗∗∗ 0.028∗∗∗ 0.016∗∗∗ 1.702∗∗∗

(8.59) (6.77) (6.48) (22.96) (5.70)
R2 0.464 0.587 0.607 0.139 0.112
Controls Yes Yes Yes Yes Yes

Notes. Panel A presents summary statistics from daily Fama–
MacBeth regressions where the dependent variables are Eq. Spr., the
relative bid-ask spread for the firm’s equity; Op. Spr., the relative
bid-ask spread for the firm’s options, ILLIQ, the Amihud illiquid-
ity ratio; OIB, the absolute order imbalance of buyer- versus seller-
initiated volume scaled by total volume; and RETSQ(1), the square
of the firm’s raw return. Eq. Spr., Op. Spr., ILLIQ, and OIB are mea-
sured the same day t as our multimarket information asymmetry
measure FIA, whereas RETSQ(1) is measured one trading day later.
FIA is an estimate of the fraction of market participants that receive
a private signal regarding a firm’s future dividends that we calcu-
late for each firm-day using Equation (20) and observed trading vol-
umes in the firm’s options and stock. The M used to compute FIA
is the fitted value from the cross-sectional regression of O/S on firm
characteristics suggested in Roll et al. (2010). Panel B contains panel
regression results that include firm and year fixed effects. Panel C
presents summary statistics from daily Fama–MacBeth regressions
of our main outcome variables on MIA, where we exclude dates
coinciding with options expiration weeks. Control variables are used
throughout but omitted from the tables for brevity. The parentheses
contain t-statistics from Fama–MacBeth regressions after Newey–
West adjustments for autocorrelation up to 25 lags. The sample con-
sists of 3,533,826 firm-days spanning from 1996 through 2013.
∗∗∗, ∗∗, and ∗ indicate significance at the 1%, 5%, and 10% levels,

respectively.

4.4.2. Robustness to Alternative Implementations. As
noted in Section 3, a potential concern is that MIA
captures cross-sectional differences in the volatility of
uninformed trade, σu , that persist over time, rather
than differences in informed trade. To address this
concern, and other potential persistent cross-sectional
differences, panel B of Table 7 replicates our main
tests using panel regressions that include firm and
year fixed effects. These tests yield similar results for
all three outcome variables, suggesting that MIA also
serves to identify within-firm variation in information
asymmetry.

Additionally, in panel C of Table 7 we present our
main tests when excluding observations that fall in
option expiration weeks. We show that our main find-
ings are robust to this specification, which mitigates
concerns that our findings are driven by mechanical
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trading volume associated with option traders rolling
forward to the next expiration date. In untabulated
tests, we also find that our results are similarly robust
to the exclusion of volume during option expiration
weeks in the calculation of both O/S and M; however,
we do not implement this exclusion in our main tests
because our goal is to deliver a measure of informed
trade that is both easy to implement and available for
the largest possible sample of firm-days.

4.5. MIA as a Conditioning Variable
In this section, we evaluate MIA as a measure of infor-
mation asymmetry by examining whether it serves
as an ex ante conditioning variable that helps dis-
tinguish between informed and uninformed sources
of price pressure. In our first set of tests, we exam-
ine whether the returns to short-term return reversal
strategies vary as a function ofMIA. Based on themod-
els and evidence in Hendershott and Seasholes (2007),
Nagel (2012), and Hendershott and Menkveld (2014)
that feature risk-averse market makers, our tests are
motivated by the idea that daily returns reverse regard-
less of the level of information asymmetry but reverse
more substantially when MIA is low because these
returns are more likely to reflect price pressure from
uninformed traders. Conversely, we expect that daily
returns reversals are weaker whenMIA is high because
these returns aremore likely to reflect informed traders
impounding information into prices.
In Table 8, we examine the returns of a daily reversal

strategy after conditioning on MIA. For each trading
day, we independently sort stocks into quintile port-
folios by market-adjusted returns as well as MIA on
day t. To avoid bid-ask bounce and potential look-
ahead bias from using summary option volumes, we
skip one trading day and measure the returns to each
portfolio on day t + 2. The reversal portfolio consists
of a long position in stocks in the lowest quintile of
returns on day t and a short position stocks in the
highest quintile. Within each MIA quintile, we regress
the reversal portfolio’s returns on five contemporane-
ous risk factors: the three Fama and French (1993) fac-
tors (MKTRF, SMB, and HML), the momentum fac-
tor (UMD), and a liquidity factor (LIQ). The intercept
(INT) is the portfolio alpha. The Fama–French and
momentum factors are downloaded from Ken French’s
website,15 and the liquidity factor is computed as the
daily return of a strategy long firms in the highest
decile of prior-month average ILLIQ and short firms in
the lowest decile.

Panel A of Table 8 shows that portfolio alphas are
significantly positive across all MIA portfolios. More
importantly, the portfolio alpha for the lowest MIA
quintile (15.0 basis points, t-statistic � 6.08) is more
than double the alpha for the highest MIA quintile
(6.5 basis points, t-statistic � 2.60). The average daily

difference is 8.5 basis points and statistically significant
(t-statistic � 3.37), indicating that returns exhibit sig-
nificantly more reversal among stocks with less infor-
mation asymmetry.

Prior research demonstrates that short-term return
reversals are larger when equity turnover is higher
(e.g., Campbell et al. 1993, Llorente et al. 2002,
Avramov et al. 2006). To mitigate concerns that MIA
predicts variation in return reversals through its associ-
ation with equity turnover, panel B of Table 8 examines
daily return reversals in a multivariate context when
controlling for the impact of equity turnover. We mea-
sure equity turnover, EQTO, on day t as total share vol-
ume scaled by total shares outstanding. After assigning
firms to quintiles of day t returns, which we refer to as
QRET, we run Fama–MacBeth daily regressions where
the dependent variable is the firm’s market-adjusted
return on day t + 2.
Across columns (1)–(4), the coefficient on QRET

is significantly negative (t-statistics ranging from
−6.46 to −8.05), indicating that daily returns pre-
dictably reverse. We also find that the interaction
term between QRET and MIA is significantly positive
(t-statistics ranging from 3.47 to 4.23), which is consis-
tent with our findings in panel A that returns exhibit
smaller reversalswhen information asymmetry is high.
The interaction effect betweenQRET andMIA is robust
in controlling for the interaction effect between MIA
and equity turnover.16

Column (4) shows that the interaction effect between
MIA and QRET is also robust in controlling for firm
size, book-to-market, and momentum, and is distinct
from the return predictability associated with the
O/S ratio as documented in Johnson and So (2012).
Finally, column (5) documents that the interaction
effect between MIA and QRET is distinct from the
interaction effect between firm size and QRET, which
provides evidence thatMIA captures variation in infor-
mation asymmetry incremental to coarser proxies such
as firm size.

The results in Table 8 also speak to the debate about
whether information asymmetry is related to expected
returns. Specifically, column (1) shows an insignificant
relation between MIA and future stock returns. The
negative coefficient on MIA in columns (2)–(4) is due
to the positive interaction effect between QRET and
MIA. These results are consistent with the conclusion
in Duarte and Young (2009) and Mohanram and Raj-
gopal (2009) that information asymmetry is not priced
in the cross section of stock returns. Even in the absence
of a direct relation between MIA and future returns,
the results in Table 8 not only support the use of MIA
as a proxy for information asymmetry, but also attest
to the practical use of MIA as a conditioning variable
in short-term reversal strategies.
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Table 8. Reversal Strategy Returns Conditioning on MIA

Panel A: Daily return reversal strategy factor loadings

INT MKTRF SMB HML UMD LIQ

Q1: Low MIA 0.150 0.286 0.086 −0.291 0.027 0.163
(6.08) (7.59) (2.02) −(7.17) (1.00) (3.88)

Q2 0.179 0.218 0.104 −0.181 0.036 0.081
(7.38) (5.88) (2.50) −(4.54) (1.34) (1.96)

Q3 0.131 0.244 0.054 −0.231 0.061 0.114
(5.45) (6.63) (1.31) −(5.85) (2.28) (2.78)

Q4 0.133 0.240 0.111 −0.233 0.040 0.131
(5.56) (6.55) (2.68) −(5.90) (1.49) (3.19)

Q5: High MIA 0.065 0.275 0.150 −0.200 0.017 0.158
(2.60) (7.20) (3.50) −(4.87) (0.60) (3.71)

High−Low MIA 0.085 0.011 −0.065 −0.091 0.011 0.005
(3.37) (0.29) −(1.50) −(2.19) (0.38) (0.12)

Panel B: Daily Fama–MacBeth reversal regressions

(1) (2) (3) (4) (5)

QRET −0.035∗∗∗ −0.046∗∗∗ −0.038∗∗∗ −0.044∗∗∗ −0.020
(−7.20) (−7.83) (−6.46) (−8.05) (−1.19)

QRET×MIA — 0.025∗∗∗ 0.024∗∗∗ 0.023∗∗∗ 0.019∗∗∗
— (4.23) (4.14) (4.08) (3.47)

MIA 0.008 −0.042∗∗ −0.041∗∗ −0.031∗∗ −0.023
(0.68) (−2.48) (−2.46) (−2.12) (−1.62)

QRET×EQVOL — — −0.000∗∗∗ −0.000∗∗∗ −0.000∗∗∗
— — (−3.01) (−2.70) (−2.67)

EQVOL — — 0.000 0.000 0.000
— — (1.57) (1.58) (1.63)

MOMEN — — — 0.000 0.000
— — — (0.73) (0.75)

SIZE — — — 0.004 0.007
— — — (0.97) (1.43)

LBM — — — −0.020 −0.020
— — — (−0.85) (−0.86)

O/S — — — −0.001∗∗∗ −0.001∗∗∗
— — — (−2.73) (−2.77)

QRET× SIZE — — — — −0.001
— — — — (−1.29)

Intercept 0.069∗∗∗ 0.089∗∗∗ 0.073∗∗∗ 0.026 −0.021
(4.51) (5.49) (4.99) (0.32) (−0.24)

R2 (%) 1.587 1.796 3.548 7.078 7.295

Notes. Panel A presents alphas on day t + 2 for portfolios double-sorted by returns and MIA on day t. MIA is an estimate of the fraction
of volume originating from informed traders that we calculate for each firm-day using Equation (20) and observed trading volumes in the
firm’s options and stock. Within each MIA quintile, we compute the return of a portfolio with long positions in firms in the lowest return
quintile and short positions in firms in the highest return quintile. Portfolio returns are measured on day t + 2 to mitigate look-ahead bias and
bid-ask bounce, and regressed on five contemporaneous risk factors: the three Fama–French factors (MKTRF, SMB, and HML), the momentum
factor (UMD), and a liquidity factor (LIQ). The intercept in this regression (INT) is the portfolio alpha. All returns are shown as percentages,
and t-statistics are shown in parentheses. Panel B presents summary statistics from daily Fama–MacBeth regressions where the dependent
variable is the raw return on day t + 2. QRET is the quintile rank of returns on day t, ranging in value from 1 to 5. EQTO is a firm’s total equity
volume scaled by total shares outstanding on day t. SIZE equals the log of market capitalization, LBM equals the log of one plus the ratio of
book to market equity, and O/S is the option-to-stock volume ratio on day t. MOMEN is the cumulative market-adjusted return over the six
months ending 10 days prior to t. The parentheses contain t-statistics from the Fama–MacBeth regressions after Newey–West adjustments for
autocorrelation up to 25 lags. The sample consists of 3,533,826 firm-days spanning from 1996 through 2013.
∗∗∗, ∗∗, and ∗ indicate significance at the 1%, 5%, and 10% levels, respectively.

To further examine whether MIA distinguishes in-
formed from uninformed sources of price pressure,
Table 9 examines the returns to portfolios double-
sorted by MIA and implied-volatility spreads. Fol-
lowing Cremers and Weinbaum (2010), we calculate

implied volatility spreads as the difference in implied-
volatility between at-the-money call and put options
of the same strike price and expiration date. Cre-
mers and Weinbaum (2010) show that IV spreads pos-
itively predict equity returns, suggesting that positive
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Table 9. Implied-Volatility-Spread Strategy Returns Conditioning on MIA

INT MKTRF SMB HML UMD LIQ

Panel A: Strategy factor loadings (full sample)
Q1: Low MIA 0.058 0.010 −0.092 −0.141 0.023 0.021

(3.33) (0.38) −(3.10) −(4.94) (1.19) (0.71)
Q2 0.064 0.035 −0.068 −0.079 0.018 0.041

(3.72) (1.32) −(2.29) −(2.77) (0.97) (1.38)
Q3 0.039 0.008 −0.039 −0.151 −0.010 −0.025

(2.25) (0.30) −(1.31) −(5.35) −(0.53) −(0.84)
Q4 0.080 −0.027 0.001 −0.138 −0.007 −0.008

(4.86) −(1.09) (0.03) −(5.08) −(0.36) −(0.28)
Q5: High MIA 0.119 0.044 −0.030 −0.163 −0.015 0.074

(7.10) (1.71) −(1.03) −(5.90) −(0.79) (2.57)
High−Low MIA 0.062 0.034 0.063 −0.022 −0.038 0.053

(2.59) (0.94) (1.53) −(0.56) −(1.43) (1.30)
Panel B: Strategy factor loadings (O/S > M subsample)

Q1: Low MIA 0.048 −0.002 −0.101 −0.122 0.035 −0.002
(2.02) −(0.05) −(2.48) −(3.14) (1.35) −(0.06)

Q2 0.078 0.055 −0.016 −0.081 0.017 0.039
(3.14) (1.45) −(0.38) −(1.97) (0.62) (0.91)

Q3 0.035 0.000 −0.050 −0.155 −0.019 −0.002
(1.39) (0.01) −(1.15) −(3.73) −(0.68) −(0.05)

Q4 0.122 0.001 0.018 −0.146 −0.033 0.033
(5.05) (0.02) (0.44) −(3.65) −(1.23) (0.80)

Q5: High MIA 0.150 −0.012 −0.125 −0.178 −0.035 −0.022
(4.64) −(0.23) −(2.24) −(3.31) −(0.98) −(0.40)

High−Low MIA 0.107 −0.013 −0.027 −0.072 −0.076 −0.025
(2.65) −(0.22) −(0.38) −(1.07) −(1.71) −(0.36)

Panel C: Strategy factor loadings (O/S < M subsample)
Q1: Low MIA 0.063 0.028 −0.055 −0.146 0.008 0.053

(2.51) (0.73) −(1.28) −(3.52) (0.30) (1.22)
Q2 0.052 −0.007 −0.061 −0.088 0.028 0.025

(2.15) −(0.20) −(1.47) −(2.21) (1.05) (0.62)
Q3 0.036 0.011 0.006 −0.156 −0.008 −0.039

(1.39) (0.28) (0.14) −(3.65) −(0.29) −(0.88)
Q4 0.053 −0.068 −0.024 −0.073 0.024 −0.044

(2.17) −(1.83) −(0.58) −(1.84) (0.88) −(1.07)
Q5: High MIA 0.115 0.024 −0.002 −0.094 −0.002 0.042

(5.21) (0.70) −(0.06) −(2.59) −(0.09) (1.12)
High−Low MIA 0.050 −0.003 0.052 0.053 −0.009 −0.011

(1.49) −(0.06) (0.91) (0.96) −(0.24) −(0.18)

Notes. This table presents alphas on day t + 2 for portfolios double-sorted by the implied-volatility spread and MIA on day t. MIA is an
estimate of the fraction of volume originating from informed traders that we calculate for each firm-day using Equation (20) and observed
trading volumes in the firm’s options and stock. The implied-volatility spread is the difference in implied volatility across at-the-money call
and put options of the same strike price and expiration date. Within each MIA quintile, we compute the return of portfolio long firms in the
highest implied-volatility-spread quintile and short firms in the lowest implied-volatility-spread quintile. Portfolio returns are measured on
day t + 2 to mitigate look-ahead bias and bid-ask bounce, and regressed on five contemporaneous risk factors: the three Fama–French factors
(MKTRF, SMB, and HML), the momentum factor (UMD), and a liquidity factor (LIQ). The intercept in this regression (INT) is the portfolio
alpha. Panel A shows results for the full sample, panel B shows results for observations where the option-to-stock volume ratio (O/S) is greater
than the historical median M, and panel C shows the results for observations where the option-to-stock volume ratio (O/S) is less than the
historical median M. All returns are shown as percentages, and t-statistics are shown in parentheses.

(negative) implied-volatility spreads reflect price pres-
sure in options markets from informed traders with
good (bad) news. Based on this interpretation, we pre-
dict that IV spread strategy returns should be stronger
following high MIA j, t days, particularly those with
O/S > M, because the price pressure is more likely to
stem from informed traders.

In Table 9, we assign firms to quintile portfolios
formed on IV spreads on day t and again skip one
trading day by examining returns to each portfolio
on day t + 2. The IV spread strategy consists of long
positions in the highest quintile and short positions in
the lowest quintile of IV spread. The portfolio alphas
reported in panel A are significantly positive across

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

12
8.

62
.2

11
.5

6]
 o

n 
28

 M
ar

ch
 2

01
8,

 a
t 0

8:
55

 . 
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y,

 a
ll 

ri
gh

ts
 r

es
er

ve
d.

 



Johnson and So: A Simple Multimarket Measure of Information Asymmetry
1076 Management Science, 2018, vol. 64, no. 3, pp. 1055–1080, ©2017 INFORMS

all MIA portfolios, consistent with the general pattern
documented in Cremers and Weinbaum (2010). Addi-
tionally, the portfolio alpha for the lowest MIA quin-
tile is 5.8 basis points (t-statistic � 3.33) whereas the
alpha for the highest MIA quintile is 11.9 basis points
(t-statistic � 7.10). The average daily difference in
alphas across high and low MIA portfolios is 6.2 basis
points and statistically significant (t-statistic � 2.59),
indicating that implied-volatility spreads are more
likely to reflect directional price pressure from
informed trade when information asymmetry is high.
In panels B and C of Table 9, we partition our sam-

ple based on whether the O/S ratio is abnormally high
(i.e., O/S > M) or low (i.e., O/S < M) and show that
the interaction effect between the IV spread and MIA
is concentrated in cases where O/S>M. This evidence
is consistent with abnormally high O/S being indica-
tive of a higher concentration of informed trading in
options markets.
Together, the results of Tables 8 and 9 further support

the use of MIA as a dynamic measure of information
asymmetry, while alsomitigating the concern thatMIA
primarily reflects volatility or vega trading.

5. Additional Analyses
5.1. Information Asymmetry Around

Information Events
We conduct additional tests that gauge the validity of
MIA as a measure of information asymmetry among
traders by examining how MIA varies around two
firm-specific information events, earnings announce-
ments and Form 8-K filings with the U.S. Securities and
Exchange Commission (SEC). We predict that infor-
mation asymmetry rises prior to information events
and subsequently declines as private information is
announced and becomes public. To test this predic-
tion, we obtain quarterly earnings announcement dates
from Compustat and create a new data set consist-
ing of 63,310 earnings announcements spanning from
1996 through 2013. We also obtain a data set of 648,387
unique firm-days spanning from 1996 through 2011 on
which a firm filed an 8-K, downloaded from the SEC’s
EDGAR website.17
The SEC requires firms to disclose anymaterial event

within four business days via Form 8-K, meaning the
timing of 8-K filings is driven by the arrival of funda-
mental news to the firm rather than a pre-determined
schedule. Further details about Form 8-K filings and
data we use can be found in Niessner (2015). For each
event, we calculate abnormal MIA on trading days
d − 10 through d+10, where d is the event date, by sub-
tracting the firm’s average MIA calculated from d − 41
through d − 11 from MIA and scaling by the standard
deviation of MIA over the same window.
Figure 3 confirms that MIA follows a remarkably

similar pattern around firms’ earnings announcements

and Form 8-K filing dates. The first panel presents
the average of abnormal MIA across firm-quarters in
each trading day surrounding firms’ quarterly earn-
ings announcements. For each calendar quarter, we
calculate the cross-sectional average of abnormal MIA
for each day relative to the announcement date and
then take the time-series average over the sample win-
dow. The second panel presents analogous estimates of
abnormal MIA in the trading days surrounding firms’
8-K filing dates. In both panels, MIA rises dramatically
prior to event dates, which is consistent with informa-
tion leakage and an increased fraction of market par-
ticipants trading on private information ahead of the
event. MIA then sharply declines on the day of the
event, consistent with the information event removing
or reducing the informed agents’ informational advan-
tage.Moreover,MIA decreases further the day after the
event, remains low for multiple days in the post-event
period, and gradually rises back to pre-event levels by
day d + 10.

Both the pre-event rise and the post-event drop in
MIA are stronger for earnings announcements than
8-K filings, consistent with fewer investors having
private information about 8-K filings because they are
less likely to be pre-scheduled events. However, to the
extent that 8-K events are unscheduled, the observed
pattern in MIA is all the more surprising, suggest-
ing that MIA detects informed trade even in cases
in which the event is not scheduled or publicly dis-
closed in advance. Together, the results in Figure 3
highlight a dramatic shift in MIA surrounding infor-
mation events. In doing so, our findings attest to the
benefits of MIA as a daily measure by highlighting the
dynamics of information asymmetry in a way that is
not feasible with lower frequency proxies such as PIN
or analyst coverage.

5.2. Comparing MIA and PIN
Our next analyses examine the relation between PIN
and MIA after aggregating daily observations of MIA
to the quarterly level by taking the median MIA for
all observations in a firm-quarter. We use PIN esti-
mates as calculated in Brown et al. (2009), which in
untabulated tests we find have a 41.4% correlationwith
median MIA.

To compare the effectiveness of these two alter-
native measures of information asymmetry, Table 10
reports cross-sectional means of quarterly MIA and
PIN before and after exogenous terminations of ana-
lyst coverage. We predict that MIA should rise along
with information asymmetry following an exogenous
reduction in analyst coverage. There are two com-
plimentary reasons this should occur. The first, as
emphasized in Kelly and Ljungqvist (2012), is that
uninformed traders become less active because they
rely on analysts to process information. The second
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Figure 3. (Color online) Changes in MIA Surrounding Information Events
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Notes. This figure presents the time-series average of abnormal MIA in the trading days surrounding firms’ quarterly earnings announcements
and 8-K filings. MIA is an estimate of the fraction of volume originating from informed traders that we calculate for each firm-day using Equa-
tion (20) and observed trading volumes in the firm’s options and stock. We calculate abnormal MIA by subtracting the average MIA calculated
from t − 41 to t − 11 and scaling by the standard deviation of MIA over the same window, where t is the event date. We obtain quarterly
earnings announcement dates from Compustat. For each calendar quarter, we calculate the average abnormal MIA for each day relative to
the earnings announcement date and then take the time-series average over our sample, which consists of 63,310 earnings announcements
spanning from 1996 through 2013. We repeat this exercise using a data set of 648,387 unique firm-days spanning from 1996 through 2011 on
which a firm filed an 8-K, which was downloaded from the SEC’s EDGAR website and graciously provided to us by Marina Niessner.

possibility is that informed traders’ information advan-
tages increases with the reduction in analyst coverage,
resulting in more informed trading volume. Both pos-
sibilities result in an increase in the fraction of traders
with private information, and so an effective proxy
for information asymmetry should increase following
these exogenous shocks to analyst coverage.
We identify exogenous reductions in analyst cover-

age driven by closures of brokerage houses as studied
in Kelly and Ljungqvist (2012). Following Kelly and
Ljungqvist (2012), we refer to firms with exogenous
coverage terminations as “treatment” firms. For each
treatment firm, we form a control group by selecting
stocks with the same size and book-to-market quintile
assignment in the quarter prior to termination, subject
to the requirement that they were covered by one or
more analysts and were not themselves subject to a ter-

mination in the quarter before or after the event for the
treatment firm.When there aremore than fivematches,
we select the five stocks that are closest to the treatment
firm in terms of the pre-event level of the asymmetric
information proxy (i.e., MIA or PIN). For each treat-
ment firm j, we construct the percentage difference-
in-difference estimate of changes in the asymmetric
information proxy as [(post j − pre j)/pre j] − [(postcontrol −
precontrol)/precontrol] as well as the level difference-in-
difference estimate as [(post j − pre j)] − [(postcontrol −
precontrol)]. To identify firms where the loss of analyst
coverage is likely to significantly impact information
asymmetry, we limit our sample to firms with no more
than five analysts prior to the coverage termination,
resulting in 556 firm-quarter observations spanning
from 2000 through 2008.
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Table 10. Coverage Terminations and Information Asymmetry

Terminations Matched controls Percent DiD Level DiD

Before After Before After Mean p-value Mean p-value

MIA 0.451 0.521 0.461 0.499 0.105 0.011 0.032 0.056
O/S 6.201 5.765 6.744 5.841 0.191 0.104 0.467 0.446
PIN 0.109 0.116 0.113 0.120 0.049 0.222 0.000 0.932

Notes. This table reports cross-sectional means of MIA, O/S, and PIN before and after exogenous terminations of analyst coverage. MIA is an
estimate of the fraction of volume originating from informed traders that we calculate for each firm-day using Equation (20) and observed
trading volumes in the firm’s options and stock. We calculate MIA at the quarterly level by taking the median value over all observations of
a given firm in the specified calendar quarter. O/S is the option-to-stock volume ratio. PIN is the probability of informed trade as calculated
in Brown et al. (2009). We identify exogenous reductions in analyst coverage driven by acquisitions and closures of brokerage houses as
studied in Kelly and Ljungqvist (2012). Following Kelly and Ljungqvist (2012), we refer to firms with exogenous coverage terminations as
“treatment” firms. For each treatment firm, we form a control group by selecting stocks with the same size and book-to-market quintile
assignment in the quarter prior to termination, subject to the requirement that they were covered by one or more analysts and were not
themselves subject to a termination in the quarter before or after the event for the treatment firm. When there are more than five matches, we
select the five stocks that are closest to the treatment firm in terms of the pre-event level of the asymmetric information proxy (i.e., MIA or
PIN). For each treatment firm j, we construct the percentage difference-in-difference estimate of changes in the asymmetric information proxy
as [(post j −pre j)/pre j]−[(postcontrol−precontrol)/precontrol] as well as the level difference-in-difference estimate as [(post j −pre j)]−[(postcontrol−precontrol)].
The sample consists of 556 firm-quarter observations spanning from 2000 through 2008.

The results in Table 10 show that MIA significantly
increases following coverage terminations relative to
matched control firms. These findings demonstrate
that MIA detects exogenous shocks to information
asymmetry driven by changes in analyst coverage.
Table 10 also shows average O/S does not signifi-
cantly increase following exogenous coverage termina-
tions, meaning that increases in MIA are not driven
by a shift in the level of O/S unrelated to changes in
information asymmetry. Subjecting quarterly estimates
of PIN to the same tests, we also find no evidence
that PIN changes surrounding coverage terminations.
These results indicate that although MIA and PIN
appear tomeasure related constructs, onlyMIA detects
exogenous shocks to information asymmetry.

6. Conclusion
The central contribution of this paper is the devel-
opment of a new proxy for information asymmetry
among traders that leverages how trades are dispersed
across equity and options markets. The primary inno-
vation of our approach is that we study informed trade
in a multimarket setting. The addition of a second
market allows us to proxy for the fraction of traders
with an information advantage using abnormal vol-
ume imbalances across the two markets, as opposed
to the approach used in prior research that relies
on imbalances between buyer- versus seller-initiated
trades. Our multimarket measure of informed trade,
MIA, is simple to calculate empirically because it relies
only on volume totals, does not require identifying the
direction of trades, does not entail estimating a struc-
tural model, and can be estimated at the daily level.

We implement MIA empirically and show that it
performs remarkably well in response to a battery
of empirical tests designed to assess its validity as

a measure of information asymmetry among traders.
Specifically, we show that MIA is positively associated
with bid-ask spreads, price impact, and order imbal-
ances, offers significant predictive power for future
volatility, and distinguishes between informed and
uninformed sources of price pressure. We also show
that MIA rises before firms’ earnings announcements
and 8-K filing dates, and falls immediately afterward.
Finally, MIA detects increases in information asymme-
try driven by exogenous reductions in analyst cover-
age. Taken together, our results indicate that MIA has
many desirable properties as a measure of the degree
of information asymmetry among traders, as well as
many practical benefits as a predictor of volatility, liq-
uidity, and the returns to short-term trading strategies.
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Endnotes
1See Section 2 for further discussion of the PIN measure and its
relation to our work.
2Related empirical evidence in Aktas et al. (2007), Benos and Jochec
(2007), and Collin-Dufresne and Fos (2015) indicates PIN is abnor-
mally low when information asymmetry should be at its highest.
3 In Back (1993) and most other models using the Kyle (1985) model-
ing framework, there is always an informed trader (φ � 1). We add
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the parameter φ as a natural source of exogenous variation in the
extent of information asymmetry and test whether ourMIAmeasure
detects this variation.
4To simplify the solution, market makers do not condition prices
on order flow in the other assets. Allowing market makers to con-
dition prices on simultaneous demands in all three markets would
make it harder for informed traders to reduce price impact by trad-
ingmultiple assets, thereby causing them to further concentrate their
demands in a single market, strengthening our results.
5Selling options when v is near zero can be thought of as a form
of volatility trading because the informed trader knows big changes
in the stock price are unlikely. Volatility trading of this type is
inevitable in anymodel with directional private information because
the informed trader’s posterior estimate of the stock’s value will
always have lower variance than an uninformed prior. In this sense,
a directional signal is always also negative volatility signal.
6We parameterize σu to be sufficiently small that ũ is between 0 and
1 throughout our simulated samples.
7A potential concern is that Table 1 shows that average MIA is in-
creasing in σu despite no change in average θ, meaning our empirical
results could be driven in part by cross-sectional differences in σu .
We address this possibility by showing our results are robust to
controlling for firm fixed effects.
8http://wrds.wharton.upenn.edu/.
9We omit the prior 10 trading days from our calculation of M to
reduce the influence of long-lived private information on our calcu-
lation of the option-to-stock volume ratio in the absence of private
information. In untabulated tests, our results do not appear sensitive
to this choice.
10 In untabulated tests, we find our results are robust to the spread
calculation approach developed in Corwin and Schultz (2012).
11As discussed in Section 4.4.2, panel regressions that include firm
and year fixed effects yield qualitatively similar results, suggesting
that MIA also serves to identify within-firm variation in information
asymmetry.
12 In untabulated tests, we find that MIA also predicts alternative
volatility metrics, including the intraday high-low spread from Ni
et al. (2008) and intraday realized volatility from Corwin and Schultz
(2012).
13 In untabulated results, we again disaggregate MIA into cases
where O/S increases and decreases relative to M and find that only
increases predict future volatility incremental to IV. These findings
suggest that IV is more likely to reflect the information content of
decreases in option volume for future volatility.
14 ILLIQ, OIB, and O/S are positively related to squared returns
in untabulated univariate regressions, but negatively related in the
horse race in Table 6, perhaps because they are subsumed by realized
and implied volatilities.
15http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data
_library.html.
16We find qualitatively similar results for return reversals in weekly
data. These results are untabulated but available upon request.
17https://www.sec.gov/edgar/searchedgar/companysearch.html.
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