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A B S T R A C T

We propose the Volume Coefficient of Variation (VCV), the ratio of the standard deviation
to the mean of trading volume, as a new and simple measure of information asymmetry in
security markets. We use a microstructure model to demonstrate that VCV is strictly increasing
in the proportion of informed trade. Empirically, we obtain VCV from daily observations of
trading volume and provide extensive evidence supporting the hypothesis that VCV indicates
information asymmetry, by studying return reversals, institutional ownership, and extant firm-
level measures of asymmetric information in the cross-section of US stocks. Moreover, VCV
increases following exogenous reductions in analyst coverage induced by brokerage closures,
and steeply decreases around earnings announcements and other information disclosures.

1. Introduction

In this paper, we propose a novel, intuitive, versatile, and easy-to-compute measure of information asymmetry in security markets
hat is based on trading volume only. We use a canonical microstructure model to show that the coefficient of variation of trading
olume increases monotonically in the proportion of informed traders in the market. We present simulation and empirical analysis
roviding evidence that the Volume Coefficient of Variation (VCV) is a robust and powerful measure of information asymmetry.
CV is easy to compute and only requires observable trading volume. VCV can be computed from both time-series and cross-sections
f trading volume, to analyze information asymmetry across firms and over time.1

Using a market microstructure model based on Kyle (1985), we derive the mean and standard deviation of trading volume as
a function of the number of market participants, their trading intensity, and the proportion of informed trade. We show that both
the mean and standard deviation of volume increase linearly in the proportion of informed trade, but that the standard deviation
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does so at a higher rate. The coefficient of variation of trading volume therefore increases monotonically in the proportion of
informed trade, while it is asymptotically independent of the number of market participants and their trading intensity. The intuition
behind our measure is that the distribution of trading volume depends on the correlation of individual orders. When traders are
uninformed and have uncorrelated liquidity needs, most orders will be netted out against each other, so that the order imbalance
is relatively low compared to the observed trading volume, which in this case follows a Normal-like distribution. The correlated
liquidity demand from informed traders on the other hand leads to increased trading of liquidity providers and a more skewed and
dispersed distribution of trading volume.

Information asymmetry is a key concept in the financial economics literature. Within the context of capital markets, information
symmetry affects liquidity, asset prices, and financing and investment decisions. Since information asymmetry is not directly
bservable, numerous empirical proxies have been proposed in the literature. Early papers use the bid–ask spread or other illiquidity
easures to proxy for information asymmetry (e.g. Amihud and Mendelson, 1986; Welker, 1995; Healey et al. 1999; Bushee and

euz, 2005; Heflin et al., 2005) even though bid–ask spreads indicate not only asymmetric information, but also other determinants
f illiquidity including risk, inventory costs and transactions costs (Huang and Stoll, 1997). We find that, unlike VCV, illiquidity
easures such as bid–ask spreads and Amihud (2002) Illiquidity predict return reversals, which are a consequence of uninformed

ather than informed order flow, and should therefore be avoided as proxies of asymmetric information. Easley et al. (1996, 1997a,b)
evelop a measure for the probability of informed trading, the well-known PIN measure, which is estimated from transaction-level
ata and requires trades to be classified as either buyer- or seller-initiated.2 Also other recent information asymmetry measures,

such as VPIN (Easley et al., 2012), order flow volatility (Chordia et al., 2019) and XPIN (Bongaerts et al., 2016), rely on signed
transaction-level data. It has been recognized that such order classification, e.g. using the Lee and Ready (1991) algorithm, is not
error-free and has become increasingly problematic in recent years due to continuous trading (e.g. Boehmer et al. (2007), Easley et al.
(2012), Johnson and So (2018), Jurkatis (2022)). An alternative measure of asymmetric information is the multimarket information
asymmetry (MIA) measure of Johnson and So (2018), which is based on the relative daily trading volumes in options and stocks,
building on the premise that informed investors are more likely than uninformed investors to trade in options. The C2 measure by
Llorente et al. (2002) estimates the effect of trading volume on return autocorrelation, following the intuition that price changes
induced by uninformed trades are more likely to revert, while Yang et al. (2020) suggest abnormal idiosyncratic volatility (AIV) prior
to earnings announcements as an indicator of information asymmetry. Our measure does not require quotes, prices, option volumes
nor transaction classification. VCV estimates can be computed during monthly, daily or intraday intervals for any security for which
trading volume is observable, and is therefore applicable to a much broader set of assets than incumbent proxies of information
asymmetry.

To assess the power and robustness of VCV, we conduct a comprehensive Monte Carlo analysis. We find that VCV can be estimated
effectively even from relatively small samples. In addition to robustness to sample size, we examine various modifications of our
benchmark model including stochastic variation in trading activity, the proportion of informed trade, and market maker capacity.
For all these specifications we find a strictly positive relation between simulated VCVs and the average proportion of informed trade,
confirming that VCV detects information asymmetry under very general conditions.

For our empirical analyses, we compute firm-level observations of VCV from daily volumes obtained from CRSP, for stocks listed
on NYSE, AMEX and NASDAQ, from 1980 until 2020. We use three distinct volume measures: (i) trading volume in dollars, (ii)
turnover, and (iii) volume market shares (dollar volume as a fraction of total market dollar volume). The coefficients of variation of
these measures are nearly identical, implying that VCV as a firm-level measure is not sensitive to aggregate market-level variation
in trading volume. We compare VCV to annual firm-level characteristics and other information asymmetry measures. We find that
VCV is higher for smaller and younger firms with lower analyst coverage, lower trading turnover, higher bid–ask spreads, and are
more volatile and less liquid. VCV is positively correlated with incumbent proxies of firm-level information asymmetry including
PIN, MIA and C2.

We also find that, controlling for Amihud (2002) illiquidity and bid–ask spreads, short-term return reversals are weaker for
high-VCV stocks, consistent with the hypothesis that informed trading is predictive of future price changes (Llorente et al., 2002),
demonstrating that VCV measures information asymmetry, rather than general illiquidity. Duarte and Young (2009) argue that
(unadjusted) PIN is not only measuring informed trade, but also general illiquidity unrelated to information asymmetry. They derive
a new measure of general illiquidity unrelated to informed trading: PSOS (Probability of Systematic Order-flow Shock), as well as
a measure called Adjusted PIN, which measures asymmetric information net of unrelated illiquidity effects. We find that VCV is
strongly related to Adjusted PIN, while the relationship to PSOS is weak, giving further evidence that VCV is a measure of informed
trading, rather than general illiquidity.

Consistent with recent studies documenting a positive impact of institutional ownership on the firm’s information environment
(Boone and White, 2015; Bai et al., 2016), we find that firms with more institutional shareholders (i.e. high breadth of ownership)
have on average lower VCVs. We specifically look at two types of institutional investors that can be considered relatively informed
about a firm: monitoring investors, defined as those institutional investors for which the firm represents a significant allocation of

2 The PIN measure has been widely used to study information asymmetry and its relation to numerous other characteristics, including analyst coverage
Easley et al., 1998; Dang et al., 2021), CEO myopia (Antia et al., 2010), disclosure quality (Vega, 2006; Brown and Hillegeist, 2007; Dumitrescu and Zakriya,
022), dividend policy (De Cesari and Huang-Meier, 2015) earnings surprises (Brown et al., 2009), executives’ social media activity (Feng and Johansson, 2019),
nsider trading (Lee et al., 2014), institutional ownership (Brockman and Yan, 2009; Boone and White, 2015), labor investment efficiency (Ben-Nasr and Alshwer,
016), pricing of information asymmetry (Easley et al., 2012, 2010; Mohanram and Rajgopal, 2009; Hwang et al., 2013), and reputation incentives (Sila et al.,

017).
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the institution’s portfolio (Fich et al., 2015), and dedicated investors, defined as institutional investors that predominantly make
long-term investments in a selective set of stocks (Bushee and Noe, 2000; Bushee, 2001). We find that, controlling for breadth of
ownership, VCV is higher for firms with monitoring and dedicated (i.e. informed) investors.

To identify exogenous changes in information asymmetry, we exploit terminations in analyst coverage induced by brokerage
losures, similar to Kelly and Ljungqvist (2012), Derrien and Kecskes (2013), Bushman et al. (2017), Chen and Lin (2017), To et al.
2018), and Luong and Qiu (2021). Exogenous terminations in analyst coverage disrupt the information environment of firms and
re expected to increase information asymmetries. We find that the VCV of affected firms significantly increases following these
vents.

In addition to computing VCV at the firm-level from time-series of volumes, we also compute VCV from cross-sections of volume
bservations in event time, for a large sample of firms around their quarterly earnings announcement dates. A large literature
tarting with Ball and Brown (1968) and Beaver (1968) considers the information content of earnings announcements, widely
ecognizing that information asymmetries are resolved around these events. Consistent with this view, we find that the cross-sectional
CV is relatively high prior to announcements and drops significantly in the days following the announcement. This suggests that

nformation asymmetries build up and discourage uninformed traders to trade just before earnings announcements (See Milgrom
nd Stokey (1982), Black (1986), Wang (1994), Chae (2005)), while the market is more attractive for uninformed traders after these
nformation events. We also look at the cross-sectional VCV around unscheduled form 8-K disclosures of major corporate events.

e find a significant decrease in VCV already in the days prior to the filing date, because form 8-K is typically filed up to four dates
fter the event (Ben-Rephael et al., 2022).

VCV is a very flexible measure, and can be computed for volume observations from different time intervals. When comparing VCV
o annual firm-level characteristics and other information asymmetry measures, we estimate VCV annually, from one year of daily
olume observations. When we consider short-term reversals we estimate VCV on a monthly basis, and we estimate VCV quarterly
hen analyzing quarterly 13F filings of institutional ownership. We also examine subsamples of NYSE/AMEX and NASDAQ stocks,
s well as time-series subsamples, further validating the robustness of VCV as a measure of information asymmetry across different
arket environments.

The remainder of this paper is organized as follows: In the next section we present our model and show that the volume coefficient
f variation emerges as a natural measure of the proportion of informed trade. Section 3 contains a comprehensive Monte Carlo
nalysis to test the robustness of VCV across different environments. Section 4 presents our empirical analysis where we show how
tock-level VCVs, computed from time series of volume observations are related to firm characteristics, return reversals, incumbent
symmetric information measures, institutional ownership, and analyst coverage. Section 5 illustrates how our measure taken from
ross-sections of volume observations can be used to gauge asymmetric information in event time, by documenting VCV around
arnings announcements and 8-K filings. Section 6 concludes.

. Theory

To analyze the distribution of trading volume, we present a simple model in which we postulate 𝑀 individual liquidity seekers,
who each submit Normally distributed orders with mean zero and standard deviation 𝜎, and where competitive liquidity providers
market makers) absorb the order imbalance. We refer to 𝜎 as trading intensity. A proportion 𝜂 of the 𝑀 liquidity seekers is informed,
ith 𝜂𝑀 being an integer. For ease of exposition, we first assume 𝜂 to be exogenous. At the end of this section, we demonstrate that

he results hold when the proportion of informed trade 𝜂 realizes endogenously, e.g. when informed investors choose their trading
ntensity strategically.

We denote the individual demands of all (informed and uninformed) liquidity seekers 𝑦𝑖, for which positive values indicate buy
orders and negative values indicate sell orders. The order imbalance (net order flow) is the sum of all orders, ∑𝑀 𝑦𝑖, which is taken
up by the liquidity providers who determine the price. This imbalance is typically not publicly observable. Total trading volume
can then be written as:

𝑉 = 1
2

(

∑

𝑀

|

|

𝑦𝑖|| +
|

|

|

|

|

∑

𝑀
𝑦𝑖
|

|

|

|

|

)

. (1)

The term inside brackets is the ‘‘double-counted transaction volume’’, counting both buys and sells, of the liquidity seekers (the first
term) and the liquidity providers (the second term). This double-counted volume includes the trades among liquidity seekers, as
well as the trades between the liquidity providers and unmatched liquidity seekers.3

The orders of the informed liquidity seekers are perfectly correlated, so that all 𝜂𝑀 informed traders submit identical orders. On
he other hand, the demands of the (1 − 𝜂)𝑀 uninformed liquidity seekers are uncorrelated (i.i.d.). Following these assumptions,
he order imbalance follows a Normal distribution around zero, as in Kyle (1985):

∑

𝑀
𝑦𝑖 ∼ 𝑁

(

0, 𝜎2
(

𝜂2𝑀2 + (1 − 𝜂)𝑀
))

. (2)

3 This expression for trading volume is also used by Admati and Pfleiderer (1988) and Grundy and McNichols (1989). As an example, consider five liquidity
eekers whose demands are −1, 2, 2, −2, 1. The order imbalance is two, meaning that the liquidity providers end up selling two units. The observed trading
olume is five: we have three units sold by liquidity seekers, five units bought by liquidity seekers and two units sold by liquidity providers. The double-counted

olume is thus ten, and the commonly recorded single-counted volume is half this number.
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The variance of the order imbalance is a nonlinear function of 𝜂, due to the different correlations of informed and uninformed
emand. If most liquidity seekers are uninformed, their orders will be mostly matched to each other and the order imbalance is
xpected to be relatively low. When many traders are informed, their correlated demands can lead to large imbalances. As a result,
he standard deviation of the order imbalance is increasing in the proportion of informed trade 𝜂.

We now derive the first two moments of the total trading volume (Eq. (1)) as a function of 𝜂. Using the properties of the Half
ormal distribution we find4:

𝐸
[

𝑉
]

= 1
2

(

𝐸
[
∑

𝑀
|

|

𝑦𝑖||
]

+ 𝐸
[

|

|

∑

𝑀 𝑦𝑖||
])

= 𝜎𝑀
√

2𝜋

(

1 +
√

𝜂2 + (1 − 𝜂)𝑀−1
)

.
(3)

rom this we see that as the number of market participants 𝑀 increases, expected trading volume per capita converges to an
ncreasing linear function of the proportion of informed trade 𝜂:

lim
𝑀→∞

𝐸
[ 𝑉
𝑀

]

= 𝜎
√

2𝜋
(1 + 𝜂) . (4)

To analyze the variance of the observed trading volume, we consider each of the three components of the double-counted volume
hat can be attributed to (i) informed liquidity seekers

(

∑

1...𝜂𝑀
|

|

𝑦𝑖||
)

, (ii) uninformed liquidity seekers
(

∑

𝜂𝑀+1...𝑀
|

|

𝑦𝑖||
)

, and (iii)
iquidity providers

(

|

|

∑

𝑀 𝑦𝑖||
)

. The variances and covariances of these three components are derived in Internet Appendix A. For
arge 𝑀 , we find that the variance of the per capita trading volume increases in 𝜂2:

lim
𝑀→∞

𝑉 𝑎𝑟
( 𝑉
𝑀

)

= 𝜎2
(

1 − 2
𝜋

)

𝜂2. (5)

We thus see that for large 𝑀 , the ratio of the standard deviation to the mean (the coefficient of variation) of trading volume is
strictly increasing in 𝜂 and is independent of the number of market participants 𝑀 and their trading intensity 𝜎.

Proposition 1. Consider a market where 𝑀 liquidity seeking traders submit Normally distributed market orders with mean zero and
standard deviation 𝜎, and where the order imbalance is absorbed by liquidity suppliers. If 𝜂𝑀 of the 𝑀 liquidity seeking traders are informed:

i. The coefficient of variation of observed trading volume increases monotonically in the proportion of informed traders, 𝜂.
ii. For large 𝑀 , the relationship converges to:

lim
𝑀→∞

𝜎𝑉
𝜇𝑉

=
√

2𝜋 − 4
𝜂

𝜂 + 1
, (6)

where 𝜇𝑉 and 𝜎𝑉 denote the expected value and standard deviation of trading volume 𝑉 .

orollary. Consider the sample mean (�̂�𝑉 ) and sample standard deviation (�̂�𝑉 ) as consistent estimators of the population mean (𝜇𝑉 ) and
opulation standard deviation (𝜎𝑉 ) of trading volume. Then, by the continuous mapping theorem,

𝑉 𝐶𝑉 ≡
�̂�𝑉
�̂�𝑉

(7)

is a consistent estimator of
𝜎𝑉
𝜇𝑉

. It thus follows from Proposition 1 that E[VCV] increases monotonically in 𝜂 such that the Volume Coefficient
of Variation (VCV) is a measure of informed trade.

Our finding that VCV is asymptotically independent of 𝜎 and 𝑀 is important. It means that even when 𝜎 and 𝑀 are subject
to exogenous variation, e.g. due to sentiment (Kumar and Lee, 2006), or correlated liquidity shocks (Admati and Pfleiderer, 1988;
Brogaard et al., 2018), VCV will increase in the proportion of informed trade. In subsequent sections, we present simulations and
empirical analyses in the next sections that strongly support this result. Our simulation analysis furthermore show that VCV increases
in the average proportion of informed trade, when we allow 𝜂, 𝑀 and 𝜎 to vary across observations

The above analysis also shows that a direct estimator of the proportion of informed trade is implied from Eq. (6):

�̂� ≡
�̂�𝑉

�̂�𝑉
√

2𝜋 − 4 − �̂�𝑉
. (8)

However, as our simulation results in Section 3 show, �̂� is a consistent estimator of 𝜂 only when demand is Normally distributed, 𝑀
is large, and 𝜂 is constant across observations. Since its denominator can become very small or negative, �̂� behaves poorly in small
samples or alternative model specifications. On the other hand, our simulations indicate that VCV is well-behaved and increases
monotonically in 𝜂 under general conditions, including non-Normality and time-varying proportions of informed trade.

The earlier assumption that informed and uninformed liquidity seekers have equal trading intensity is for convenience only and
ithout loss of generality: the distribution of trading volume would be identical if we consider informed and uninformed traders
aving different trading intensities, and define 𝜂 and 𝑀 as:

𝜂 =
𝜎𝑚𝑚

𝜎𝑚𝑚 + 𝜎𝑢𝑛
; 𝑀 = 𝑛 +

𝜎𝑚
𝜎𝑢

𝑚, (9)

4 If 𝑥 ∼ 𝑁
(

0, 𝜎2), then 𝑥 follows a Half Normal distribution with 𝐸 𝑥 = 𝜎
√

2
√ and 𝑉 𝑎𝑟 𝑥 = 𝜎2

(

1 − 2
)

.
| | (| |)
𝜋

(| |)
𝜋
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Fig. 1. Histogram of T = 1000 volume realizations simulated from the model outlined in Section 2, for various values of the proportion of informed trading 𝜂.
The number of liquidity seekers (𝑀) is 1000 and the trading intensity (𝜎) is fixed at unity.

where 𝑚 and 𝑛 refer to the number of informed and uninformed liquidity seekers, respectively, while 𝜎𝑚 and 𝜎𝑛 denote the trading
intensity of informed and uninformed liquidity seekers. That is, 𝜂 is the proportion of informed trade, rather than the proportion of
informed traders. 𝑀 is a measure of the number of intensity-weighted traders, with the uninformed trading intensity as numeraire.

It is important to notice that our model is silent about the motivations of trade of both informed and uninformed investors, but
erely establishes the statistical relationship between VCV and the proportion of informed trade. In Internet Appendix A.2, we
resent an extended version of our model in which the informed liquidity seekers choose their trading intensity 𝜎𝑚 strategically, by

taking into account the strategies of the other informed traders. We find (similar to Holden and Subrahmanyam, 1992; Foster and
Viswanathan, 1994, 1996 and others) that informed traders increase their trading intensity in the presence of competition, but that
the relationship between the equilibrium proportion of informed trade and the coefficient of variation of trading volume is equivalent
to Proposition 1 with 𝜂 and 𝑀 defined as in (9).

Further enriching the model with risk aversion, long lived information, or strategic uninformed trading (as in Foster and
Viswanathan, 1990 or Admati and Pfleiderer, 1988) will not change Proposition 1, as there will always be an equilibrium proportion
of informed trade 𝜂 and a weighted number of liquidity seekers 𝑀 . Our simulation analysis in the next section provides further
evidence that our proposition that VCV increases in the proportion of informed trade holds for many different volume-generating
models.

3. Simulations

In this section, we analyze the distribution of trading volume generated by our model, for different values of 𝜂 (proportion of
informed trade) and 𝑀 (equivalent number of liquidity seekers). To do this, we draw 1 + (1 − 𝜂)𝑀 random observations from the
tandard Normal distribution to simulate the individual demands (i.e. we assume 𝜎 = 1). The first observation is multiplied by

𝜂𝑀 , and represents the aggregate informed demand. The remaining observations represent the individual uninformed demands. We
compute the observed trading volume 𝑉 from Eq. (1). For each (𝑀 , 𝜂) pair, we generate a sample of 𝑇 volume (𝑉 ) observations,
rom which we compute the coefficient of variation VCV.

Fig. 1 displays four histograms of simulated volumes with 𝑀 = 1000 liquidity seekers, for different values of 𝜂. The sample size

is 𝑇 = 1000 trading sessions. The simulation confirms the analysis in the previous section: in the case of no informed traders (𝜂 = 0),
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Fig. 2. Average VCV obtained from 𝑅 = 1, 000, 000 replications of 𝑇 = 100 volume realizations simulated from the model outlined in Section 2, for various values
f the proportion of informed trading 𝜂 and number of liquidity seekers 𝑀 .

he volume distribution follows a slightly skewed bell-curve, while in the presence of informed traders volume is higher in level
nd far more dispersed. The simulated VCVs for the four panels are 0.03, 0.14, 0.48 and 0.77, respectively.5

Fig. 2 reports the average VCV from 𝑅 = 1, 000, 000 repetitions of simulating a sample of 𝑇 = 100 trading sessions with 𝑀
raders, for different values of 𝜂 and 𝑀 . As we can see, the average VCV only deviates substantially from its asymptotic value
Eq. (6)) when both 𝑀 and 𝜂 are low. Nevertheless, even for small 𝑀 , the average VCV is strictly increasing in 𝜂. The insensitivity
o 𝑀 is encouraging as it implies that there is little concern for confounding a high 𝜂 with a low 𝑀 . The insensitivity to 𝑀 is also
esirable from an empirical perspective, because the number of traders (𝑀) in markets is typically unknown.

In Table 1, Panel A, we report the average VCV as plotted in Fig. 2 for selected values of 𝜂, as well as the standard deviations
o evaluate VCV’s precision. In addition to VCV, we also report these statistics on simulated values of 𝜂 (Eq. (8)). Both VCV and
𝜂 increase monotonically in the true proportion of informed trade (𝜂). This is even the case for markets with low trading activity

. Also, the estimator 𝜂 in our simulations traces the true value of 𝜂 closely, in particular when either 𝑀 or 𝜂 are not too low.
anel B of Table 1 reports simulation results for smaller simulated samples, of 𝑇 = 10 trading sessions. We still find the average
CV and 𝜂 to increase monotonically in 𝜂. This result implies that VCV can be applied even in small time-series samples, e.g. when
stimated monthly using daily volume observations. The reported standard deviations however reveal that VCV, and more so 𝜂, are
ess precisely estimated when 𝑇 is small.

To investigate the robustness of VCV as a measure of information asymmetry, we conduct simulations for various modifications
f the benchmark model. The results of this extensive simulation exercise, as well as supplementary results to Table 1, are reported in
nternet Appendix B. First, we relax the assumption of Normally distributed demand and allow for leptokurtic and skewed demand,
o generate outliers in trading volume that are unrelated to informed trading (Table B.4). We also relax the assumption of i.i.d
emand and allow for dynamic demand, generating persistence in trading volume (Table B.5). Next, we allow the proportion of
nformed trade 𝜂 to be random across observations, to demonstrate that VCV increases in the average proportion of informed trade,
ither over a time-series or over a cross-section of observations (Table B.6). We allow for variation of 𝑀 and 𝜎 randomly across
bservation (Tables B.7 and B.8), to demonstrate VCV in a setting where trading volume differs across observations for reasons
nrelated to private information. We also investigate random liquidity supply (Table B.9), as opposed to full unconditional market
aker capacity in our benchmark model. We consider the situation where different groups of informed investors receive distinct

ignals (Table B.10) and finally, we endogenize informed trading, by allowing the trading intensity of informed investors to be
roportional to the uninformed order flow (Table B.11).

Overall, the simulation results in this section and Internet Appendix B demonstrate the robustness of VCV as a measure of
symmetric information. The main result that VCV is monotonically increasing in the proportion of informed trade 𝜂 holds under
ery general conditions and in small samples, while the standard deviation of VCV remains fairly low. These simulations also reveal,
owever, that the baseline level of VCV is sensitive to the underlying assumptions and thus may differ across different trading
nvironments. It is therefore important to compare VCV only across comparable assets, and when estimated with the same number

5 The slightly skewed bell-curved volume distribution for 𝜂 = 0 converges (as 𝑀 → ∞) to the distribution of the maximum of two Normally distributed

andom variables, which was first described by Clark (1961).
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Table 1
Simulation results - Benchmark model.

Panel A: 𝑇 = 100
𝜂 0 0.2 0.5 0.8 1 0 0.2 0.5 0.8 1

𝑉 𝐶𝑉 𝜂

𝑀 = 10 𝑀 = 10

Mean 0.29 0.32 0.5 0.67 0.75 0.24 0.27 0.50 0.80 1.01
s.d. 0.02 0.02 0.04 0.05 0.06 0.02 0.03 0.05 0.10 0.15

𝑀 = 100 𝑀 = 100

Mean 0.10 0.25 0.50 0.67 0.75 0.07 0.20 0.50 0.80 1.01
s.d. 0.01 0.02 0.03 0.05 0.06 0.01 0.02 0.05 0.10 0.15

𝑀 = 1000 𝑀 = 1000

Mean 0.03 0.25 0.50 0.67 0.75 0.02 0.20 0.50 0.80 1.01
s.d. 0.00 0.02 0.03 0.05 0.06 0.00 0.02 0.05 0.10 0.15

Panel B: 𝑇 = 10
𝜂 0 0.2 0.5 0.8 1 0 0.2 0.5 0.8 1

𝑉 𝐶𝑉 𝜂

𝑀 = 10 𝑀 = 10

Mean 0.28 0.31 0.48 0.65 0.74 0.23 0.26 0.49 0.81 1.27
s.d. 0.07 0.07 0.11 0.15 0.17 0.07 0.08 0.18 4.12 50.5

𝑀 = 100 𝑀 = 100

Mean 0.10 0.24 0.48 0.65 0.74 0.07 0.19 0.49 0.83 1.11
s.d. 0.02 0.06 0.11 0.15 0.17 0.02 0.06 0.17 0.46 3.05

𝑀 = 1000 𝑀 = 1000

Mean 0.03 0.24 0.48 0.65 0.74 0.02 0.19 0.49 0.78 1.16
s.d. 0.01 0.06 0.11 0.15 0.17 0.01 0.06 0.17 14.28 24.67

This table reports the average and standard deviation of VCV (left) and 𝜂 (right) obtained from 𝑅 = 1, 000, 000 replicated samples of 𝑇 volume
realizations, simulated from the model outlined in Section 2, for various values of the proportion of informed trade 𝜂 and number of liquidity
seekers 𝑀 . In Panel A, the number of volume observations in each replication is 𝑇 = 100. In panel B, 𝑇 = 10. Detailed simulation results are
reported in Internet Appendix Section A1.

of volume observations. In our regression analyses below comparing VCV across US stocks, we always control for industry, size,
liquidity, and book-to-market and year-fixed effects to adjust for any possible differences in the baseline level of VCV unrelated to
private information.

We emphasize that VCV can be applied both to a time-series or a cross-section of volume observations. In particular the result
that VCV increases in the average proportion of informed trade when 𝜂 and 𝑀 vary across observations, supports the applicability
of VCV to a cross-section of volumes. We apply the cross-sectional VCV in Section 5 when investigating the patterns of VCV around
earnings announcements.

The simulations also reveal that 𝜂 clearly does not perform well as a measure of informed trading beyond the benchmark model.
The simulated observations of 𝜂 are more widely dispersed than VCV, while their averages are often not monotonically increasing
in 𝜂, and are not always bounded by 0 and 1. This poor performance of 𝜂 occurs because the denominator in Eq. (8) can easily take
on small or negative numbers, which makes the estimator highly erratic. In the remainder of this paper, we therefore focus on VCV
as our measure of informed trade.

4. VCV in the cross-section of US stocks

After having established, from analytical and numerical analysis, a positive monotonic relation between VCV and the proportion
of informed trade, we now turn to the data to analyze the empirical properties of our measure. In this section, we describe
cross-sectional variation in VCV for US stocks. We compute VCV for US stocks and compare these figures with other firm-level
characteristics, including indicators of informed trade and illiquidity. We obtain daily trading volumes from the CRSP daily stock
file over the period January 1962–December 2020. Our sample consists of firm-year observations for common stocks listed on NYSE,
AMEX, and NASDAQ. Inclusion in the sample requires that, for a given calendar year, the stock has a strictly positive mean and
standard deviation of daily trading volume in CRSP along with a recorded book value in COMPUSTAT.6

6 For NASDAQ listed firms, we adjust trading volume prior to 2004 following Gao and Ritter (2004): reported volume on NASDAQ stocks is divided by 2.0,
.8, and 1.6 during the period prior to February 1st 2001, the period between February 1st 2001–December 31st 2001, and January 1st 2002–December 31st
003, respectively. Note that this adjustment does not affect VCV, in which volume is both in the nominator and denominator, but it does affect other measures

hat are based on volume, such as Amihud (2002) Illiquidity.
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Table 2
VCV summary statistics.

VCV𝑈𝑆𝐷 VCV% VCV𝑇𝑂

Observations 205,863 205,863 205,863
N 19,435 19,435 19,435
T 59 59 59
Mean 1.511 1.493 1.460
s.d. 1.003 1.019 0.967
s.d. (CS) 0.894 0.903 0.860
s.d. (TS) 0.638 0.643 0.611
𝑞0.1 0.617 0.580 0.609
𝑞0.25 0.887 0.859 0.860
Median 1.281 1.263 1.228
𝑞0.75 1.814 1.804 1.744
𝑞0.9 2.582 2.581 2.509
𝜌 0.238 0.246 0.254
Correlations
VCV% 0.982
VCV𝑇𝑂 0.977 0.966

This table reports summary statistics of annual firm-level observations of the Volume Coefficient
of Variation (VCV) of daily dollar trading volume in US dollars (VCV𝑈𝑆𝐷), daily volume market
shares (daily dollar volume as a percentage of total market dollar volume – VCV%), and turnover
(dollar volume as a fraction of market capitalization – VCV𝑇𝑂). The table reports the total
number of observations, the number of distinct stocks in the sample (𝑁), the number of time-
series observations/years (𝑇 ), mean, standard deviation, s.d. (CS), the time-series average of
annual cross-sectional standard deviations, s.d. (TS), the cross-sectional average of stock-specific
time-series standard deviations, selected quantiles (𝑞), and the cross-sectional average of stock-
specific first-order autocorrelations (𝜌). The bottom two rows report the time-series averages
of within-year rank (Spearman) correlations between the different VCV measures. Sample:
1962–2020.

Annual firm-level observations of VCV are computed by dividing the annual standard deviation of daily trading volumes by the
annual average of daily trading volumes. The volume coefficient of variation of stock 𝑖 in year 𝜏 is defined as:

𝑉 𝐶𝑉𝑖,𝜏 =
�̂�𝑉 (𝑖,𝑡∈𝜏)

�̂�𝑉 (𝑖,𝑡∈𝜏)
, (10)

where �̂�𝑉 (𝑖,𝑡∈𝜏) is the sample average and �̂�𝑉 (𝑖,𝑡∈𝜏) is the sample standard deviation of all daily trading volumes of stock i, 𝑉𝑖,𝑡, in
year 𝜏. We compute VCV using three different measures of trading volume: (i) trading volume in US dollars (𝑉𝑈𝑆𝐷), (ii) volume
market shares (𝑉%), defined as daily volume in a single stock as a fraction of total market volume on the same day, to control for
market-wide variation in trading-activity that is unrelated to firm-specific information, such as macro-level sentiment (Kumar and
Lee, 2006) and common liquidity shocks (Admati and Pfleiderer, 1988; Brogaard et al., 2018), and (iii) daily turnover (𝑉𝑇𝑂), to
control for differences in market capitalization:

𝑉𝑈𝑆𝐷,𝑖,𝑡 = 𝑠ℎ𝑎𝑟𝑒𝑠 𝑡𝑟𝑎𝑑𝑒𝑑𝑖,𝑡 × 𝑐𝑙𝑜𝑠𝑖𝑛𝑔 𝑝𝑟𝑖𝑐𝑒𝑖,𝑡

𝑉%,𝑖,𝑡 = 𝑉𝑈𝑆𝐷,𝑖,𝑡
∑

𝑖 𝑉𝑈𝑆𝐷,𝑖,𝑡

𝑉𝑇𝑂,𝑖,𝑡 = 𝑠ℎ𝑎𝑟𝑒𝑠 𝑡𝑟𝑎𝑑𝑒𝑑𝑖,𝑡
𝑠ℎ𝑎𝑟𝑒𝑠 𝑜𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔𝑖,𝑡

.

(11)

able 2 reports summary statistics for these three measures of VCV. The sample averages, as well as other statistics, are highly similar
or the three VCV measures. The bottom rows of Table 2 show that the three different measures of VCV are highly correlated. The
trong similarity between the three VCV measures offers support for the theoretical analysis of Section 2: although trading intensity
𝜎) and participation (𝑀) are determinants of the level and variance of volume, VCV is independent of both 𝜎 and 𝑀 (Eq. (6)).
arket-wide variation in the number of market participants and their trading intensity should therefore have little impact, so that
CV derived from dollar volume, volume market shares, or turnover, should be virtually equivalent. The results in Table 2 support

his premise. In the remainder of this section, our measure of informed trading VCV is defined as the coefficient of variation of daily
olume market shares (VCV%), which controls for market-wide variation in volume that is unrelated to firm-specific information.
ighly similar results are obtained when using any of the other volume definitions.7

In addition to the annual estimates reported in Table 2, we also consider quarterly and monthly firm-level estimates of VCV.
ummary statistics on these measures are reported in Internet Appendix Section C.2. The advantage of the annual VCV is that the
oefficient of variation is estimated more precisely due to a larger number of observations, while the quarterly and monthly VCV

7 Internet Appendix Section C.1 reports summary statistics for the underlying volume measures (𝑉𝑈𝑆𝐷 , 𝑉%, 𝑉𝑇𝑂), as well as VCV summary statistics for
subsamples of stocks listed on NASDAQ and stocks listed on NYSE/AMEX, and for subsamples of observations prior to 2000 (1962–1999) and post 2000

(2000–2020), showing that the three measures of VCV behave fairly similar across these subsamples.
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Table 3
VCV and other firm characteristics.
Sources: CRSP, COMPUSTAT, and IBES.

VCV Size BM Age Vol. Turn. Illiq B-A Roll

Size −0.64
BM 0.21 −0.31
Age −0.27 0.34 0.11
Volatility 0.34 −0.58 0.02 −0.36
Turnover −0.28 0.24 −0.21 −0.03 0.25
Illiquidity 0.69 −0.94 0.32 −0.35 0.53 −0.44
Bid–Ask spread 0.66 −0.87 0.30 −0.22 0.58 −0.48 0.92
Roll’s measure 0.23 −0.33 0.23 −0.03 0.22 −0.28 0.39 0.53
Coverage −0.55 0.77 −0.23 0.22 −0.29 0.46 −0.79 −0.69 −0.28

This table reports the correlations between annual firm-level observations of VCV (obtained from daily volume market shares) and other annual firm-level
characteristics. Each entry reports the time-series average of within-year rank (Spearman) correlations. Size is the log of market capitalization at the last trading
ay of June. BM ratio is the ratio of the book value to the market value of equity. Age is the number of years since the firm’s first appearance in CRSP. Volatility
s the annual standard deviation of daily returns. Turnover is the annual average of daily trading volume as a percentage of market capitalization. Illiquidity is the
og of the annual average of the daily ratio |

𝑅𝑖,𝑡|

𝑉𝑈𝑆𝐷,𝑖,𝑡
(Amihud, 2002). Bid–Ask spread is the annual average of daily closing bid–ask spreads 𝑎𝑠𝑘𝑖,𝑡−𝑏𝑖𝑑𝑖,𝑡

1
2 (𝑎𝑠𝑘𝑖,𝑡+𝑏𝑖𝑑𝑖,𝑡)

(daily closing

bid and ask prices are available in CRSP from 1982). Roll’s measure is the square root of the negative of the daily return autocovariance
√

−𝐶𝑜𝑣
(

𝑅𝑖,𝑡 , 𝑅𝑖,𝑡−1
)

.
Coverage refers to the number of distinct analysts covering a stock in a given year (available in IBES starting from 1981).

allow studying variation of information asymmetry at a higher frequency. Overall, we find the annual, quarterly and monthly VCV
to be highly correlated. Interestingly, the annual VCV is on average higher than its quarterly and monthly counterparts, because the
annual estimates also capture within-year seasonal variation in volume. This observation stresses the importance of comparing VCV
only when estimated over similar sized samples. In the remainder of this section, we use annual estimates of VCV when comparing
to other annual firm characteristics, quarterly estimates when studying the relation between VCV and institutional ownership (from
quarterly 13F filings), and monthly estimates when considering monthly return reversals.

4.1. VCV and other firm characteristics

Table 3 reports the correlations between VCV and other firm-level characteristics: size, book-to-market ratio, firm age, return
volatility, turnover, Amihud (2002) illiquidity, bid–ask spread, Roll’s (1984) estimate of the bid–ask spread, and analyst coverage.
Size is defined as the log of market capitalization on the last trading day of June. Return volatility is the annual standard deviation
of daily returns. Amihud (2002) illiquidity is defined as the log of the annual average of the daily ratio |𝑅𝑖,𝑡|

𝑉𝑈𝑆𝐷,𝑖,𝑡
. The bid–ask spread is

the annual average of daily closing bid–ask spreads as a percentage of its midpoint 𝑎𝑠𝑘𝑖,𝑡−𝑏𝑖𝑑𝑖,𝑡
1
2 (𝑎𝑠𝑘𝑖,𝑡+𝑏𝑖𝑑𝑖,𝑡)

, following Chung and Zhang (2014).

oll’s (1984) measure is the square root of the negative of the daily return autocovariance
√

−𝐶𝑜𝑣
(

𝑅𝑖,𝑡, 𝑅𝑖,𝑡−1
)

.8 The book-to-market
ratio is the ratio of the book value of equity at the fiscal year end, obtained from COMPUSTAT, to the market value of equity at
the end of the same calendar year. Firm age is proxied by the number of years passed since the firm appeared for the first time in
the CRSP database. Analyst coverage is defined as the number of distinct analysts covering a stock in a given year (Source: IBES).
Summary statistics of these variables and subsample analyses are provided in Internet Appendix Section C.3.

As can be seen from Table 3, VCV is negatively correlated with size and turnover and positively correlated with return volatility,
Amihud illiquidity and the bid–ask spread. These results are consistent with our proposition that VCV is a measure of informed
trading, since information asymmetry is likely to be stronger in smaller stocks and asymmetric information reduces liquidity. Yang
et al. (2020) associate return volatility with information asymmetry. The negative correlation with firm age suggest that information
asymmetry is lower for more mature firms. Analyst coverage is likely to reduce information asymmetry, which is consistent with the
negative correlation with VCV. In Section 4.5, we study the impact of exogenous reductions in analyst coverage due to brokerage
closures and find that reductions in analyst coverage are associated with an increase in VCV.

4.2. VCV and illiquidity

We can see from Table 3 that VCV is strongly correlated with firm-level liquidity indicators: Amihud (2002) Illiquidity, bid–
ask spread, size, and to a lesser extent volatility, turnover, and Roll’s measure. To illustrate that VCV differs from these liquidity
characteristics and proxies specifically for information asymmetry, we analyze monthly return reversals. It is well known that returns
on individual stocks, in particular illiquid stocks, exhibit significant short-term reversals (e.g. Jegadeesh (1990)), which are generally
considered a sign of uninformed order flow. As argued by Huang and Stoll (1997), price changes due to informed trading are less
likely to be reversed by the bid–ask bounce, and are thus characterized by weaker reversals.

8 In the case of positive return autocorrelations, we set Roll’s measure equal to −
√

𝐶𝑜𝑣
(

𝑅𝑖,𝑡 , 𝑅𝑖,𝑡−1
)

, following Roll (1984). We obtain qualitatively similar
esults when we either set these observations of Roll’s measure to zero, or omit them from our sample.
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Table 4
VCV and monthly reversals.
Source: CRSP. Sample: 1962–2020 (Panel A) and 1982–2020 (Panel B).

A ILLIQ: Low 2 3 High High-Low

VCV : Low −0.022 −0.026 −0.057 −0.128 −0.106∗∗∗

2 −0.008 −0.011 −0.05 −0.117 −0.109∗∗∗

3 −0.006 −0.02 −0.022 −0.071 −0.065∗∗∗

High −0.013 −0.014 −0.011 −0.053 −0.041∗∗∗

High-Low 0.009∗∗ 0.012∗∗∗ 0.047∗∗∗ 0.074∗∗∗

B Bid–Ask: Low 2 3 High High-Low

VCV : Low −0.022 −0.025 −0.058 −0.145 −0.123∗∗∗

2 −0.013 −0.017 −0.032 −0.123 −0.110∗∗∗

3 −0.003 −0.017 −0.023 −0.073 −0.070∗∗∗

High −0.013 −0.011 −0.013 −0.049 −0.036∗∗∗

High-Low 0.009∗∗ 0.014∗∗∗ 0.044∗∗∗ 0.097∗∗∗

Panel A reports the average correlation between stock returns in the month of sorting and the following month (𝑐𝑜𝑟(𝑅𝑖,𝑡 , 𝑅𝑖,𝑡+1)) for 16 groups
of stocks double-sorted within each month 𝑡 on the monthly estimate of VCV and Amihud (2002) illiquidity. The final row and column report
the difference in average monthly autocorrelation between high and low quartiles, with significant differences at the 10%, 5%, and 1% level
indicated by ∗, ∗∗, and ∗∗∗. In Panel B, stocks are double sorted by monthly estimate of VCV and the Bid–Ask spread.

Liquidity proxies in the literature are broadly separated into measures of price impact and proxies of the bid–ask spread (see,
.g. Goyenko et al. (2009), Fong et al. (2017), Le and Gregoriou (2020)). Amihud’s (2002) illiquidity ratio of absolute daily return to
olume is the most popular measure of price impact in the finance literature. In a recent survey, Le and Gregoriou (2020) find that
ompared to other proxies of the bid–ask spread, the daily closing bid ask-spread proposed by Chung and Zhang (2014) provides a
lose approximation of the intraday (TAQ) spread. Both Amihud Illiquidity and the daily closing bid–ask spread are low-frequency
roxies that are (similar to VCV) based on daily (CRSP) data and are therefore easily accessible to researchers and cover longer time
eriods than intraday measures based on TAQ data. Our sample of monthly averages of Amihud Illiquidity covers the same sample
s VCV (1962–2020) while the monthly average closing bid–ask spread is available from 1982.

We show in this subsection that these two indicators of liquidity (Amihud Illiquidity and the closing bid–ask spread) predict
tronger short-term reversals, suggesting they are indicative of uninformed rather than informed order flow. VCV is on the other
and associated with weaker reversals, consistent with the hypothesis that VCV indeed measures informed trade.9

To study the relation between VCV, illiquidity and reversals, we double-sort stocks within each month into quartiles based on
onthly estimates of Amihud’s (2002) Illiquidity and VCV. We compute, for each month within each group, the correlation between

he stocks’ returns in the sorting month and in the following month: 𝑐𝑜𝑟(𝑅𝑖,𝑡, 𝑅𝑖,𝑡+1). Panel A of Table 4 reports the average of these
onthly return autocorrelations, for each of the 16 groups. Across all groups, we find return reversals (negative autocorrelation).
hese reversals are clearly stronger for the more illiquid stocks, as shown in the last column. However, within each liquidity
uartile, we find that reversals are decreasing in VCV: The final row of Table 4 shows that return autocorrelation is on average
ignificantly higher (i.e. reversals are weaker) for High VCV stocks than for Low VCV stocks. In Panel B of Table 4, we repeat
his analysis by double-sorting stocks on VCV and the bid–ask spread. The results are similar to Panel A, with short-term reversals
ignificantly increasing in the bid–ask spread, while decreasing in VCV. Internet Appendix Section C.4 reports various additional
est to demonstrate the robustness of this result.10

Since short-term reversals are a consequence of uninformed order flow, these results provide evidence that Amihud’s illiquidity
easure and the bid–ask spread are increasing in uninformed order imbalance, and therefore not effective as proxies for informed

rading. VCV, on the other hand, is not a proxy of general illiquidity but specifically captures information asymmetry. In the next
ubsection, we have a closer look at the empirical relation between VCV and existing measures of asymmetric information.

.3. VCV and other measures of asymmetric information

In this subsection, we compare VCV to various incumbent measures of asymmetric information. These measures include the
robability of informed trade (PIN; Easley et al., 1996), C2 (Llorente et al., 2002), and the Multimarket Information Asymmetry
easure (MIA; Johnson and So, 2018). PIN is estimated by fitting a structural microstructure model to signed transaction data. C2
easures the relation between daily volume and return persistence, based on the premise that prices changes due informed trading

end to persist, while price changes due to uninformed trading are more likely to revert. MIA is based on relative trading volume
n options and stocks, based on the assumption that informed traders are more likely to trade in options.

9 Also Llorente et al. (2002), Hameed et al. (2008), Odders-White and Ready (2008), Bongaerts et al. (2016), and Johnson and So (2018) use various
symmetric information measures to show that asymmetric information is associated with weaker short-term reversals, while Wang (2021) provides evidence of
nsider trades predicting future returns.
10 Tables C.8 and C.9 reports subsample results. In Table C.10, we also analyze other liquidity proxies besides Amihud Illiquidity and the bid–ask spread,
ncluding size, firm age, volatility, analyst coverage, and institutional ownership. In Table C.11 we furthermore analyze weekly instead of monthly reversals.
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Table 5
VCV and other information asymmetry measures.
Sources: CRSP and cited authors’ websites.

VCV PIN𝐵𝐻𝐿 PIN𝐵𝐻 PIN𝐸𝐻𝑂 PIN𝐷𝑌 Adj.PIN PSOS MIA

PIN𝐵𝐻𝐿 0.53
PIN𝐵𝐻 0.65 0.74
PIN𝐸𝐻𝑂 0.57 0.58 0.68
PIN𝐷𝑌 0.61 0.61 0.70 0.86
Adjusted PIN 0.56 0.55 0.71 0.65 0.74
PSOS 0.51 0.44 0.48 0.65 0.74 0.44
MIA 0.25 0.36 0.43 0.11 0.22 0.31 0.04
C2 0.10 0.14 0.14 0.02 0.03 0.03 0.04 0.01

This table reports the correlation between the annual firm-level coefficients of variation of daily volume market shares (VCV) and various annual firm-level
information asymmetry measures. Each entry reports the time-series average of within-year rank (Spearman) correlations. PIN𝐵𝐻𝐿 is estimated by Brown et al.
(2004). PIN𝐵𝐻 is estimated by Brown and Hillegeist (2007). PIN𝐸𝐻𝑂 is estimated by Easley et al. (2010). PIN𝐷𝑌 , Adjusted PIN, and the illiquidity measure PSOS
are estimated by Duarte and Young (2009). MIA is the annual average of firm-day level observations estimated by Johnson and So (2018). C2 is estimated
following Llorente et al. (2002).

For our analysis, we make use of the various PIN and MIA measures that are kindly made publicly available by the authors of
previous studies. These measures include MIA estimated by Johnson and So (2018) and PIN measures estimated by Easley et al.
(2010) – PIN𝐸𝐻𝑂); Brown et al. (2004) – PIN𝐵𝐻𝐿); Brown and Hillegeist (2007) – PIN𝐵𝐻 ); and Duarte and Young (2006 – PIN𝐷𝑌 ).11

We compute annual firm-level observations of MIA as the annual average of the available daily observations for each firm. We
derive annual stock-level observations of C2 as the estimated slope coefficient from running regressions, for each firm in each year,
of daily returns on the interaction of lagged returns and lagged (detrended) turnover, while controlling for daily lagged returns (see
Llorente et al. (2002, for details).

Table 5 shows the correlations between VCV and various annual firm-level information asymmetry measures. Our VCV measure
is positively correlated with all PIN measures. The correlation between VCV and PIN is of similar magnitude as the correlations
between the various PIN measures. The correlations between VCV and the MIA and C2 measures are substantially lower, although
still positive.

Compared to these incumbent measures, our VCV measure is far easier to compute. In addition, VCV does not require intraday
order-level data or option volume data and covers therefore a much larger set of stocks than PIN and MIA. VCV has in particular
higher coverage among small and illiquid stocks, for which the risk of information asymmetry is most relevant. Moreover, VCV
is available for the full time-series sample 1962–2020, while the available PIN measures are not available prior to 1983 and post
2010. As discussed in the introduction, the classification into buy and sell orders has been increasingly problematic in the time of
continuous trading.12

Duarte and Young (2009) argue that PIN does not only capture informed trading, but also other illiquidity effects. They therefore
propose two alternative variables: Adjusted PIN, which is proposed as a cleaner measure of asymmetric information; and PSOS
(probability of symmetric order-flow shock), which is considered a measure of illiquidity unrelated to asymmetric information.
These additional variables are included in Table 5. Both Adjusted PIN and PSOS are positively correlated with VCV.

In Table 6, we examine the correlation between VCV and the three measures by Duarte and Young (2009) in a regression context.
To control for time variation and firm characteristics unrelated to asymmetric information, we include year fixed effects, 48 Fama–
French industry fixed effects, and decile fixed effects for size, book-to-market and Amihud illiquidity deciles.13 The regression results
indicate that VCV is significantly associated with both PIN and adjusted PIN, while there is no robust relation between VCV and
PSOS, thereby supporting the reversal results in the previous subsection that VCV is indicative of asymmetric information rather
than general illiquidity.

4.4. VCV and institutional ownership

Several studies find that institutional ownership leads to an improvement in disclosure practices and therefore lower information
asymmetry (e.g. Bushee and Noe (2000), Boone and White (2015), Bai et al. (2016), Cheng et al. (2020)). In this subsection, we
study the relationship between VCV and various indicators of institutional ownership that we obtain from quarterly 13F filings

11 Annual firm-level observations of PIN𝐷𝑌 , PIN𝐸𝐻𝑂 , PIN𝐵𝐻 and PIN𝐵𝐻𝐿 are made available by Jefferson Duarte (http://www.owlnet.rice.edu/~jd10/),
øren Hvidkjær (https://sites.google.com/site/hvidkjaer/data) and Stephen Brown (http://scholar.rhsmith.umd.edu/sbrown/pin-data), respectively. Daily firm-
evel observations of 𝑀𝐼𝐴 are made available by Travis Johnson (http://travislakejohnson.com/data.html). Summary statistics of the measures employed in this
ection, as well as subsample analyses, are provided in Internet Appendix Section C.5.
12 The time-series samples and number of distinct stocks 𝑁 in our sample with coverage of VCV, PIN𝐵𝐻 , PIN𝐷𝑌 and MIA are: 1962–2020, 𝑁 = 19,435 (VCV);
993–2010, 𝑁 = 12,374 (PIN𝐵𝐻 ); 1993–2010, 𝑁 = 12,346 (PIN𝐵𝐻𝐿); 1983–2001, 𝑁 = 4550 (PIN𝐸𝐻𝑂); 1983–2004, 𝑁 = 4826 (PIN𝐷𝑌 ); 1996–2018, 𝑁 = 3910

(MIA). See Internet Appendix Table C.12 for details.
13 Rather than including size, book-to-market and illiquidity as control variables, we control for these characteristics using decile fixed effects, in order to

accommodate nonlinearities and outliers (See also, e.g., Gassen et al. (2020), who apply fixed effects to control for nonlinear effects of illiquidity). We show in
Table C.15 of the Internet Appendix that the main results are robust to the direct inclusion of size, book-to-market and illiquidity as controls, instead of fixed
effects.

http://www.owlnet.rice.edu/~jd10/
https://sites.google.com/site/hvidkjaer/data
http://scholar.rhsmith.umd.edu/sbrown/pin-data)
http://travislakejohnson.com/data.html
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Table 6
VCV and Adjusted PIN.
Sources: CRSP and the website of Jefferson Duarte (http://www.owlnet.rice.edu/~jd10/). Sample 1983–2004.

VCV
(1) (2) (3) (4)

PIN𝐷𝑌 1.200∗∗∗ 1.673∗∗∗ 1.104∗∗∗

(0.135) (0.153) (0.129)

Adjusted PIN 0.834∗∗∗ 1.592∗∗∗ 0.899∗∗∗

(0.117) (0.154) (0.109)

PSOS −0.088 0.318∗∗∗ −0.280∗∗∗

(0.059) (0.066) (0.052)

Observations 40,968 40,968 40,968 40,968
Adjusted R2 0.401 0.396 0.400 0.403
Fixed effects Yes Yes Yes Yes

This table shows the results from regressing annual firm-level coefficients of variation of daily volume market shares (VCV)
on the measures by Duarte and Young (2009): PIN𝐷𝑌 , Adjusted PIN, and PSOS (probability of symmetric order-flow shock).
All regressions include fixed effects for each year, industry, size decile, book-to-market decile and Illiquidity decile. Two-way
clustered standard errors, clustered at the year and industry level, are in parentheses. ∗, ∗∗ and ∗∗∗ indicate statistical significance
at the 10%, 5%, and 1% level.

Table 7
VCV and institutional ownership.
Sources: CRSP, Refinitiv (13F) and Brian Bushee http://acct.wharton.upenn.edu/faculty/bushee/. Sample period: 1980Q1-2020Q4.

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

Holdings 0.047 0.068 0.063 0.063 0.057
(0.048) (0.053) (0.050) (0.053) (0.050)

Breadth −0.921∗∗∗ −1.224∗∗∗ −0.964∗∗∗ −1.302∗∗∗

(0.183) (0.236) (0.208) (0.258)

Monitors 0.611∗∗∗ 0.664∗∗∗

(0.180) (0.180)

Dedicated 0.255∗∗∗ 0.250∗∗∗

(0.074) (0.072)

Observations 508,072 508,072 508,072 502,721 502,721
Adjusted R2 0.420 0.422 0.423 0.424 0.425
Fixed effects Yes Yes Yes Yes Yes

This table reports the results from regressing quarterly firm-level coefficients of variation of daily volume market shares (VCV) on various
measures of institutional ownership. Holdings is the percentage of shares of the firm held by institutional investors at the end of the quarter;
Breadth is the percentage of all institutional investors that hold shares of the firm (Chen et al., 2002); Monitors is the fraction of institutional
investors in each firm for which the firm is in the top 10% of the institution’s holdings (Fich et al., 2015); and Dedicated is the fraction of
institutional investors in each firm that are classified as ’Dedicated’ investors by Bushee and Noe (2000). All regressions include fixed effects for
each quarter, industry, size decile, book-to-market decile and illiquidity decile. Two-way clustered standard errors, clustered at the quarter and
industry level, are in parentheses. ∗, ∗∗ and ∗∗∗ indicate statistical significance at the 10%, 5%, and 1% level.

ecorded in the Refinitiv database on WRDS. We consider institutional holdings (Holdings), which is defined as the percentage of a
irm’s shares held by institutional investors at the end of each quarter. The association between Holdings and information asymmetry
s not straightforward. For instance, a firm could have a high value of Holdings, even if ownership is highly concentrated with only

small number of institutional investors possessing a significant portion of the firm’s shares. We hypothesize a more robust link
etween information asymmetry and the number of distinct institutional investors in a specific firm. This is captured by the variable
readth of ownership (Breadth), which is defined as the number of institutional investors holding shares in the firm, as a percentage
f the total number of institutional investors reported in the 13F database at the end of each quarter (Chen et al., 2002). Grullon
t al. (2004) and Cao and Wu (2022) find that a high institutional ownership base (i.e. high breadth of ownership) is associated
ith higher firm visibility and investor recognition.

The first two columns of Table 7 report the results from regressing quarterly estimates of VCV on end-of-quarter characteristics on
oldings and Breadth. The results show indeed that VCV has a significantly negative association with Breadth, while the relation with

Holdings is insignificant. VCV is thus on average lower (implying lower information asymmetry) for firms that have high breadth of
ownership.

In addition, we consider two variables that identify groups of presumably well-informed investors: monitoring investors and
dedicated investors. Following Fich et al. (2015), we define an institutional investor to be a ‘monitor’ for a certain firm if that

http://www.owlnet.rice.edu/~jd10/
http://acct.wharton.upenn.edu/faculty/bushee/


M. Lof and J. van Bommel

i

I
w
o

d
2

a

firm belongs to the top 10% of holdings in the institution’s portfolio. These monitoring investors are likely to be better informed
about the firm than non-monitoring investors. Dedicated investors are those institutional investors that Bushee and Noe (2000) and
Bushee (2001) classify as ‘dedicated’. They are characterized by large, stable holdings in a small number of firms and are generally
considered better informed than ’quasi-indexing’ and ‘transient’ investors, (Cheng et al., 2020).14

The variable Monitors in Table 7 is the percentage of institutional investors in each firm that are defined as monitoring investors.
The variable Dedicated in Table 7 is the percentage of institutional investors in each firm that are classified as dedicated investors.
Columns 3–5 of Table 7 show that these variables are both significantly positively associated with VCV, consistent with our
proposition that VCV measures informed trade.

The relationship between patterns in institutional ownership and VCV reported in Table 7 reaffirms that VCV is a measure of
asymmetric information. Suppose that a firm is held by only a small number of institutional investors, who each assign a relatively
large fraction of their portfolio to this firm’s stock (i.e. Breadth is low, while Monitors and Dedicated are high). Ownership of such
a firm is therefore relatively concentrated in the hands of a small number of presumably well informed investors. When trading
this stock, information asymmetry should be a significant concern, as it is not unlikely that the counterparty is one of these better
informed investors. On the other hand, for a firm that is widely held among institutional investors, each of which holding only a
relatively small share of the firm (i.e.: Breadth is high, while Monitors and Dedicated are low), the risk of asymmetric information
should be lower, which is in accordance with the results reported in Table 7.15

4.5. VCV around brokerage closures

Various recent studies (e.g. Kelly and Ljungqvist (2012), Derrien and Kecskes (2013), Li and You (2015), Bushman et al. (2017),
Chen and Lin (2017), To et al. (2018), Luong and Qiu (2021)) consider terminations of analyst coverage due to brokerage closures as
exogenous shocks to the information environment of individual stocks. Kelly and Ljungqvist (2012) find that information asymmetry
increases following these exogenous terminations in analyst coverage. For the 22 brokerage closures between April 2000 and January
2008 listed in Appendix A of Kelly and Ljungqvist (2012), we identify in the IBES database a treatment sample of a total of 1764
observations of firms that experience reductions in analyst coverage due to one of these closures.

We perform a simple difference-in-differences regression, to compare the VCV of treated firms (i.e. firms that experience closure-
induced coverage terminations) to non-treated firms (the control group), before and after the brokerage closure. For each brokerage
closure, our control group includes all non-treated firms in our sample analyzed in Section 4.1, for which analyst coverage in the
calendar year prior to the brokerage closure is strictly positive. The VCV before closure is defined as the coefficient of variation of
daily volume market shares over a 12-month period before the closure, while the VCV after closure is calculated over a 12-month
period after the closure. Following Derrien and Kecskes (2013), we impose three-month gaps between the event and the estimation
windows, such that the VCV before (after) closure is calculated from trading volumes over the months −14 to −3 (+3 to +14), with
the brokerage closure occurring in month 0. These observations of VCV are regressed on a dummy variable indicating observations
in the treatment group, a dummy variable indicating the observations after each brokerage closure, and an interaction term.

The results of the difference-in-differences regression are reported in the first column of Table 8. The coefficient on the interaction
term After×Treated is of primary interest. This interaction coefficient is positive and significant, meaning that the VCV of firms
that face exogenous analyst reductions as a result of brokerage closures increases relative to the VCV of control firms that are not
exposed to the brokerage closures. The coefficient on After is negative, which reflects that VCV is on average decreasing over time.16

The Treated coefficient indicates that there is a minor difference between the VCV of treated and control firms, prior to the
event.17

The second and third column of Table 8 show that the interaction coefficient becomes larger when we restrict the sample to
firms with lower analyst coverage. The intuition behind this result is that the event of one analyst discontinuing coverage of a firm
is a greater disruption to the information environment when the firm has already low analyst coverage to begin with. Indeed, the
difference-in-differences estimate is approximately doubled (tripled) when covering only firms with analyst coverage of less than
10 (5) in the calendar year prior to the event. Overall, the results in Table 8 provide strong evidence for our proposition that VCV
measures information asymmetry.

14 Classification into these three groups is based on a factor and cluster analysis approach (see Bushee (2001, for details). The classification of institutional
nvestors in the 13F Refinitiv database is made available on the website of Brian Bushee http://acct.wharton.upenn.edu/faculty/bushee/.
15 Summary statistics of the measures employed in this section, subsample analyses and a robustness test using annual estimates of VCV are provided in

nternet Appendix Section C.6. We also reproduce the regressions in Table 7 using an unscaled version of Breadth, finding qualitatively similar results. Finally,
e include the proportion of Quasi-indexing and Transient investors to the regression, in addition to Dedicated. We find that VCV decreases in the proportion
f Quasi-indexers, consistent with Hillegeist and Weng (2021), who find that find high quasi-indexer ownership causes less insider trading.
16 Internet Appendix Section C.7 reports average time-series trends of VCV, finding a declining trend post-2000. This is consistent with recent studies that
ocument improved market transparency, which is attributed partly to regulation, such as the enactment by the SEC of Regulation Fair Disclosure (Reg FD) in
000 and the Sarbanes–Oxley Act in 2002 (e.g. Collver (2007), Chen et al. (2010), Petacchi (2015), Beaver et al. (2018), Pawlewicz (2018)).
17 Internet Appendix Section C.8 provides results for a smaller matched control sample. In this case, we continue to find a positive interaction term, implying
positive impact of brokerage closures on information asymmetry, while the Treated coefficient is insignificant.

http://acct.wharton.upenn.edu/faculty/bushee/
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Table 8
Brokerage closures.

Full sample Coverage ≤ 10 Coverage ≤ 5
VCV VCV VCV

After ×Treated 0.042∗∗∗ 0.060∗∗∗ 0.081∗∗

(0.010) (0.006) (0.031)

After −0.030∗∗ −0.041∗∗ −0.047∗∗

(0.012) (0.014) (0.016)

Treated −0.047∗∗ −0.039∗ −0.044
(0.019) (0.018) (0.026)

Observations 98,696 69,354 45,146
Adjusted R2 0.428 0.363 0.320
Fixed effects Yes Yes Yes

This table reports the results from difference-in-differences regressions around brokerage closure-induced terminations of analyst
coverage. The treatment sample consist of 1889 observations of firms that experience a reduction in analyst coverage due to a
total of 22 distinct brokerage closures between April 2000 and January 2008. The control sample consists of 47,459 observations.
For all 49,348 observations, we compute VCV over the months [−14,−3], and over the months [3, 14], with the brokerage closure
occurring in month 0, resulting in a total of 98,696 observations of VCV. These VCVs are regressed on dummies indicating
the treatment group (Treated), the post-closure window (After), and their interaction. In the second (third) column, the sample
is restricted to firms with analyst coverage of 10 (5) or less in the calendar year prior to the closure. All regressions include
fixed effects for each year, industry, size decile, book-to-market decile and illiquidity decile. Two-way clustered standard errors,
clustered at the year and industry level, are in parentheses. ∗, ∗∗ and ∗∗∗ indicate statistical significance at the 10%, 5%, and 1%
level.

5. Cross-sectional VCV

In this section we look at VCVs computed from cross-sections of volume data. In particular, we document the pattern of the
cross-sectional VCV around earnings announcements. It is widely recognized that earnings announcements resolve information
asymmetries (e.g. Chae (2005), George et al. (1994)). In this section we show that, consistent with this view, VCV is relatively high
prior to announcements and low afterwards, suggesting that uninformed traders delay their trades until information asymmetries
are resolved after the announcement.

We obtain 𝑁 = 596,881 quarterly earnings announcement dates from COMPUSTAT, from a total of 17,994 distinct NYSE, AMEX,
and NASDAQ listed US firms over the period 1971–2020. To analyze the evolution of information asymmetry in event time, we
compute the cross-sectional VCV for each day 𝑑 ∈ [−30, 30] around the announcement date, using the 𝑁 trading volumes recorded
for each stock on 𝑑 days after the firm’s earning announcement18:

𝑉 𝐶𝑉𝑋𝑆,𝑑 =
�̂�𝑉 (𝑡=𝑡𝑖+𝑑)

�̂�𝑉 (𝑡=𝑡𝑖+𝑑)
, (12)

where �̂�𝑉 (𝑡=𝑡𝑖+𝑑) is the sample average and �̂�𝑉 (𝑡=𝑡𝑖+𝑑) is the sample standard deviation of 𝑁 daily trading volumes on day 𝑑 after the
firm-specific announcement date 𝑡𝑖. All volumes are as before defined as volume market shares, 𝑉%𝑖,𝑡, i.e.: volumes as a percentage
as total trading volume on that calendar date 𝑡.

The black line in Fig. 3 shows the pattern of the cross-sectional VCV around the announcement date, while the shaded areas
ndicate 95% confidence bounds, computed from the asymptotic distribution of sample coefficients of variation as derived by
lbrecher et al. (2010). Fig. 5 clearly shows that VCV is higher in the weeks prior to the announcement, which is consistent with
ninformed investors delaying their trading activity as the announcement date is approaching. After information asymmetries are
esolved on the announcement date, VCV is relatively low for multiple trading days. After 30 trading days, the cross-sectional VCV
s approximately equal to the cross-sectional VCV 30 trading days prior to the announcement.

Table 9 reports VCV and its components: the cross-sectional mean and standard deviation of volume shares, for each day around
he announcement. The level of volume is low prior to announcements and high following announcement, which is consistent with
he patterns documented by Chae (2005) and Akbas (2016). The standard deviation of volume moves in the same direction as the
ean, which could be due to be the increased illiquidity and price elasticity in the days before the announcement, as documented by
eorge et al. (1994) and Chae (2005). What we are most interested in is the pattern of VCV as a proxy for information asymmetry.
ince the changes in the standard deviation are smaller in relative terms than the changes in the mean, VCV is high prior to the
nnouncement and low afterwards. As Table 9 shows, the differences between VCV are statistically significant up to ten days before
nd after the announcement.

This pattern of VCV around earnings announcements is consistent with the hypothesis that information asymmetries are resolved
round earnings announcements, and with previously documented behavior of alternative information asymmetry measures.

18 Our simulation results in Section 3 and in the Internet Appendix demonstrate that VCV can be estimated from a cross-sectional sample of volume observations,

enerated by stock-days with different proportions of informed trade. In this setting, VCV is increasing in the average proportion of informed trade.
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Fig. 3. The black line shows the evolution of the daily cross-sectional 𝑉 𝐶𝑉𝑋𝑆 around quarterly earnings announcements. The full sample includes all daily
trading volumes over a 61 day event-window (day −30:30) around 𝑁 = 596, 881 quarterly announcements (sources: CRSP and COMPUSTAT). The reported VCV
at 𝑑 days after the announcement is estimated from the subsample of each stock’s trading volume market shares at date 𝑑 after each firm’s announcement. The
gray shaded areas indicate 95% confidence intervals: 𝑉 𝐶𝑉𝑋𝑆,𝑑 ± 1.96 × 𝑆.𝐸.(𝑉 𝐶𝑉𝑋𝑆,𝑑 ). Standard errors (𝑆.𝐸.) are derived following Albrecher et al. (2010).

ohnson and So (2018) report that the Multimarket Information Asymmetry (MIA) measure, calculated from the relative trading
olume of options and stocks, increases in the days before earnings announcements, and rapidly declines around the announcement,
imilar to VCV. Chordia et al. (2019) find that the volatility of order flow, driven by correlated liquidity demand, significantly
ncreases before earnings announcements. There is mixed evidence on the behavior of PIN around announcement dates. Benos
nd Jochec (2007), Back et al. (2018), and Duarte et al. (2020) find that PIN is in fact lower prior to earnings announcements and
igher afterwards. Duarte et al. (2020) explain this puzzling result by demonstrating that the PIN measure mis-identifies asymmetric
nformation when applied on a daily frequency, and instead indicates abnormal turnover. Easley et al. (2008), on the other hand,
stimate a generalized PIN model in which the arrival rate of information is time-varying and find that PIN is high (low) before
after) earnings announcements, resembling the pattern of VCV in Fig. 3.

We also consider surprising and non-surprising earnings announcements separately. We expect the S-shaped pattern around the
nnouncement date to be more pronounced for surprising announcements, as these are more informative. Following Livnat and
endenhall (2006), we define Standardized Unexpected Earnings (SUE) as the difference between actual reported earnings and the
edian analyst forecast over the 90 day-period prior to the announcement date reported in the IBES database, divided by the stock
rice at the end of the preceding quarter. Within each quarter, we then sort announcements into terciles based on the absolute value
f SUE.

Fig. 4 reports the cross-sectional VCV around non-surprising announcement dates (tercile 1) and surprising announcement dates
tercile 3). The figure clearly shows a higher level of VCV for the surprising announcements, indicating a higher degree of information
symmetry. Around the announcements, the surprising announcements see a steeper drop, confirming that surprising announcements
re more informative than non-surprising announcements. For both of these subsamples, the level of VCV is lower than it is for the
ull sample in Fig. 3. This is because both the surprising and non-surprising subsamples are restricted to those firms for which analyst
xpectations are available. For completeness, Fig. 4 also displays the cross-sectional VCV around the announcements for which no
nalyst forecasts are reported in IBES, using the same time series-sample for which SUE is available (1983–2020). The level of
he cross-sectional VCV for the no-forecast sample is clearly higher, consistent with the negative relation between VCV and analyst
overage as reported in Tables 3 and 8. Overall, the breakdown in Fig. 4 reveals that both the level of the cross-sectional VCV and its
ynamics around the announcement dates behave as expected, depending on the informativeness of the announcement, providing
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Table 9
Volume around earnings announcements.
𝑑 �̂�𝑑 × 1000 �̂�𝑑 × 1000 𝑉 𝐶𝑉𝑋𝑆,𝑑

Before After Diff Before After Diff Before After Diff

0 0.996 0.996 0.000 2.159 2.159 0.000 2.169 2.169 0.000
1 0.988 1.014 0.026∗∗∗ 2.134 2.170 0.036∗∗∗ 2.160 2.140 −0.020∗

2 0.951 1.018 0.067∗∗∗ 2.085 2.157 0.072∗∗∗ 2.192 2.119 −0.073∗∗∗

3 0.941 1.003 0.062∗∗∗ 2.070 2.136 0.065∗∗∗ 2.200 2.130 −0.071∗∗∗

4 0.932 0.992 0.061∗∗∗ 2.054 2.122 0.067∗∗∗ 2.205 2.138 −0.067∗∗∗

5 0.934 0.985 0.052∗∗∗ 2.063 2.110 0.047∗∗∗ 2.210 2.141 −0.068∗∗∗

6 0.934 0.978 0.045∗∗∗ 2.058 2.108 0.050∗∗∗ 2.204 2.155 −0.049∗∗∗

7 0.937 0.975 0.038∗∗∗ 2.070 2.100 0.029∗∗∗ 2.209 2.153 −0.056∗∗∗

8 0.934 0.978 0.044∗∗∗ 2.058 2.108 0.049∗∗∗ 2.204 2.156 −0.048∗∗

9 0.936 0.973 0.037∗∗∗ 2.065 2.098 0.032∗∗∗ 2.206 2.155 −0.051∗∗∗

10 0.947 0.969 0.022∗∗∗ 2.087 2.094 0.007∗∗ 2.204 2.162 −0.042∗∗∗

11 0.947 0.966 0.019∗∗∗ 2.072 2.091 0.020∗∗∗ 2.187 2.166 −0.021
12 0.950 0.968 0.017∗∗∗ 2.081 2.095 0.014∗∗∗ 2.191 2.166 −0.025
13 0.950 0.966 0.016∗∗∗ 2.076 2.094 0.018∗∗∗ 2.185 2.168 −0.017
14 0.952 0.961 0.009∗∗ 2.079 2.083 0.004 2.184 2.168 −0.016
15 0.959 0.961 0.002 2.089 2.081 −0.007∗∗∗ 2.179 2.166 −0.012
16 0.961 0.962 0.001 2.088 2.090 0.002 2.172 2.172 −0.000
17 0.959 0.964 0.005 2.079 2.095 0.016∗∗∗ 2.167 2.173 0.006
18 0.958 0.965 0.007∗ 2.076 2.092 0.017∗∗∗ 2.166 2.167 0.001
19 0.960 0.963 0.004 2.080 2.090 0.010∗∗∗ 2.167 2.169 0.003
20 0.961 0.960 −0.001 2.086 2.087 0.001 2.170 2.173 0.003
21 0.966 0.962 −0.004 2.093 2.088 −0.005∗ 2.167 2.171 0.004
22 0.961 0.967 0.006∗ 2.076 2.092 0.016∗∗∗ 2.161 2.163 0.002
23 0.964 0.966 0.003 2.095 2.092 −0.002 2.174 2.165 −0.009
24 0.962 0.964 0.001 2.095 2.092 −0.003 2.177 2.171 −0.006
25 0.962 0.962 0.000 2.089 2.088 −0.001 2.171 2.170 −0.001
26 0.965 0.962 −0.004 2.091 2.083 −0.007∗∗∗ 2.166 2.166 0.000
27 0.961 0.964 0.003 2.080 2.089 0.008∗∗∗ 2.165 2.167 0.002
28 0.964 0.965 0.001 2.093 2.088 −0.006∗∗ 2.171 2.163 −0.008
29 0.966 0.963 −0.003 2.097 2.093 −0.004 2.170 2.173 0.003
30 0.967 0.963 −0.004 2.098 2.086 −0.011∗∗∗ 2.169 2.166 −0.003

This table reports the cross-sectional mean �̂�𝑑 , standard deviation �̂�𝑑 (both multiplied by 1000), and coefficient of variation 𝑉 𝐶𝑉𝐶𝑆,𝑑 of all firms’ daily trading
volume shares on day 𝑑 before and after 𝑁 = 596, 881 firm-specific earnings announcement dates, as well as the difference between these moments 𝑑 days before
nd after the announcement. ∗, ∗∗ and ∗∗∗ indicate significant differences at the 10%, 5%, and 1% level.

vidence that cross-sectional VCV efficiently captures information asymmetry in event time, and can be used in an event-study
ramework.

In Internet Appendix Section C.9, we also consider firm-level VCVs estimated from short time-series of 10 days before and
fter the announcement date and find on average a significant decline around the announcement. We also reproduce Fig. 3 for
arious subsets of the data, showing a qualitatively similar pattern of VCV around earnings announcements for both NASDAQ and
YSE/AMEX stocks as well as before and after 2000. The drop in VCV around announcements has in fact become sharper post 2000.
his result reaffirms findings by Beaver et al. (2018) and Pawlewicz (2018), who document a recent increase in the information
ontent of earnings announcements, and Weller (2018) who finds that price informativeness prior to earnings announcements has
ecreased, despite the presence of algorithmic trading.

We also analyze the cross sectional VCV around 8-K filings. Following the Sarbanes–Oxley Act of 2002, the SEC requires public
ompanies since 2005 ‘‘to announce major events that shareholders should know about’’, by filing form 8-K (see (Lerman and Livnat,
010)). We collect from SEC EDGAR all 8-K filings by US firms listed on NYSE, AMEX and NASDAQ. We exclude the event if the
irm had a quarterly earnings announcement within one day of the filing, resulting in a total of 𝑁 = 379, 060 filing events between
005 and 2020. Similar as for the earnings announcements, we compute the cross-sectional VCV for a 61 day window around the
iling date, following Eq. (12).

The cross-sectional VCV in Fig. 5 shows, similar to Fig. 3, a drop in VCV around the disclosure of information. Interestingly, this
rop already starts prior to the announcement, with a significant decline during the week before the event. This can be explained
y the requirement for companies to file form 8-K at most four days after the event that triggered the filing. As Ben-Rephael et al.
2022) point out, the event is often already public information at the time of the 8-K filing, such that the filing in itself contains
ittle information. This is fully consistent with the decline in VCV, and thus in information asymmetry, prior to the filing date.
nother difference between Figs. 3 and 5 is that there is no substantial increase in VCV during the weeks prior to the 8-K filings.
nlike earnings announcements, 8-K filings are unscheduled, meaning that uninformed investors do not decrease their trading in
nticipation of the 8-K filing, as they do prior to earnings announcements.
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Fig. 4. This figure shows the evolution of the daily cross-sectional 𝑉 𝐶𝑉𝑋𝑆 over a 61 day event-window (day −30:30) around quarterly earnings announcements.
The sample is divided into surprising announcements (solid line, 𝑁 = 88, 243), non-surprising announcements (dashed line, 𝑁 = 88, 594), and earnings
announcement for which no analyst forecasts are reported (dotted line, 𝑁 = 259, 216). Surprising (non-surprising) announcements are defined as the announcements
n the highest (lowest) tercile of announcements sorted on the absolute value of SUE: the difference between the actual and median analyst forecast of earnings,
caled by the price. See Fig. 3 for details.

. Conclusion

We use a microstructure model based on Kyle (1985) to demonstrate that the distribution of total trading volume depends on
he proportion of informed (correlated) liquidity seeking demand. Specifically, we show that the coefficient of variation of trading
olume increases in the proportion of informed trade. We therefore propose the sample coefficient of variation of trading volume,
CV, as a measure of information asymmetry. Monte Carlo simulations confirm that VCV increases in the proportion of informed

iquidity seekers, for a wide selection of model specifications.
Our empirical results indicate that stocks with high VCVs tend to have characteristics that are typically associated with

symmetric information (e.g.: high PIN, low breadth of institutional ownership, low analyst coverage, small size, low liquidity) and
ice versa. Consistent with the hypothesis that informed trade is predictive of future price changes, we find that short-term return
eversals are weaker for high VCV stocks. This finding confirms that, unlike general illiquidity proxies such as bid–ask spreads and
mihud Illiquidity, VCV specifically increases in informed rather than uninformed order flow. Our finding that VCV significantly

ncreases following exogenous reductions in analyst overage due to brokerage closures, provides further evidence that VCV captures
nformation asymmetry.

We introduce the cross-sectional VCV, which can be applied to evaluate information asymmetry in event time, e.g. following
orporate disclosures, regulatory changes, or other information events. We apply this measure to quarterly earnings announcements
nd find, consistent with prior research, that asymmetric information is higher shortly before the announcement, and lower
fterwards. In addition, we find that VCV decreases significantly around the disclosure of corporate events through form 8-K.
ollectively, our empirical results provide broad support for the hypothesis that VCV is a measure of informed trading not only
ithin our stylized microstructure model, but also when applied to real world data.

VCV is an appealing proxy for information asymmetry because of its simplicity: computing VCV, by dividing the sample standard
eviation of trading volumes over the sample mean, is very straightforward. Unlike alternative measures of information asymmetry,
stimating VCV requires only total trading volumes and can be implemented both in cross-sections and in time-series. VCV is
herefore applicable to any security for which trading volume is observable, including stocks, bonds, asset-backed securities, credit-
efault swaps, options and other derivatives. For example, Ghosh et al. (2020) apply VCV to study information asymmetry in the
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Fig. 5. This figure shows the evolution of the daily cross-sectional 𝑉 𝐶𝑉𝑋𝑆 around SEC form 8-K filings. The full sample includes all daily trading volumes over
61 day event-window (day −30:30) around 𝑁 = 379, 060 filings (sources: CRSP and SEC EDGAR). The reported VCV at 𝑑 days after the filing is estimated

rom the subsample of each stock’s trading volume market shares at date 𝑑 after each firm’s filing. The gray shaded areas indicate 95% confidence intervals:
𝐶𝑉𝑋𝑆,𝑑 ± 1.96 × 𝑆.𝐸.(𝑉 𝐶𝑉𝑋𝑆,𝑑 ). Standard errors (𝑆.𝐸.) are derived following Albrecher et al. (2010).

arket for REITS in the European Union. The potential applications of our measure are numerous. For example, VCV can be used as
control variable when there is a need to control for information asymmetry, as a sorting characteristic when studying the pricing

ffects of asymmetric information, or as the dependent variable of interest to compare patterns in information asymmetry across
irms or over time.
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