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1. Introduction

There is a recent debate in the literature about the relation be-
tween price informativeness and idiosyncratic return volatility. A
growing body of studies show that more informative stock prices
are associated with greater idiosyncratic return volatility. For
example, Morck et al. (2000) find that stocks in countries with
stronger property rights have higher idiosyncratic volatility. They
argue that strong property rights promote informed arbitrage,
which capitalizes firm-specific information and increases idiosyn-
cratic return volatility.! Many empirical researchers use greater idi-
osyncratic return volatility as a measure of more informative stock
prices (Brockman and Yan, 2009). Another group of studies have con-
tradicting views on this issue and argue that higher idiosyncratic re-
turn volatility is an indication of more noise and pricing errors in
stock prices (i.e., less informative stock prices). For example, West
(1988) shows that more information in price about future dividends
leads to lower idiosyncratic volatility. Kelly (2005) finds that firms
with better information environments are associated with higher
market-model R-square, i.e., smaller idiosyncratic return volatility.

* Corresponding author. Tel.: +1 859 257 9842; fax: +1 859 257 9688.
E-mail addresses: donglee@korea.ac.kr (D.W. Lee), mark.liu@uky.edu (M.H. Liu).
1 Jin and Myers (2006), who find that more transparent firms have higher
idiosyncratic return volatility, argue that poor investor protection alone cannot
explain the difference in idiosyncratic volatility, and opaqueness of the firm also plays
an important role.
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Many empirical studies use greater idiosyncratic return volatility
as a measure of less informative stock prices and greater asymmetric
information between firm insiders and outsiders (Krishnaswami and
Subramaniam, 1999).

Understanding the true relation between price informativeness
and idiosyncratic return volatility is important, given that an
increasing number of studies use idiosyncratic volatility as a price
informativeness measure, and the contradicting assumptions they
make about the information content of idiosyncratic return volatil-
ity. Further, understanding the true information content of idio-
syncratic volatility is important for practitioners and policy
makers as well. For example, some critics of Regulation FD argue
that the regulation has caused less disclosure by firms and has
led to increases in stock return volatility, implicitly assuming that
less information in stock price leads to higher idiosyncratic return
volatility.? If higher idiosyncratic volatility is not an indication of
less information in stock prices, then Regulation FD may not have
the negative impact on corporate disclosure as critics claim.>

2 See, e.g., “Disclosure Rule Gets A Bad Rap” by Jeff Opdyke and Michael Schroeder
(the Wall Street Journal, June 5, 2001, page C1) and “Deals & Deal Makers: Direct
Effects of Disclosure Rule Doubted” by Phyllis Plitch (the Wall Street Journal, July 24,
2001, page C14).

3 We, however, do not take any side in the debate regarding the effectiveness of
Regulation FD. We argue only that greater idiosyncratic volatility may not be an
indication of less price informativeness.
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This paper makes an attempt to understand the relation be-
tween price informativeness and idiosyncratic return volatility.
We examine idiosyncratic return volatility in a multi-asset, mul-
ti-period noisy rational expectations model. Stocks are traded
among three groups of investors: (1) liquidity traders, whose de-
mand for a stock is exogenous and does not depend on the funda-
mental value of the stock; (2) informed traders, who incur a cost
and obtain a noisy signal about the value of the stock and trade
based on this private signal; (3) uninformed discretionary traders
(UDTs), who do not have private information about the value of
the stock, but infer the information conveyed by the stock price,
and whose demand for the stock depends on the price. The equilib-
rium stock price is affected by both noise and the fundamental va-
lue of the stock. We decompose idiosyncratic return volatility into
two parts: the noise component, which is caused by the demand of
liquidity traders, and the information component, which is driven
by the information regarding the fundamental value of the stock.
We further decompose the information component of idiosyncratic
return volatility into two parts. The first part, which we refer to as
the information updating part, represents the fluctuation in price
as private information about the fundamental value of the stock
is incorporated into price. The second part, which we refer to as
the uncertainty resolving part, represents the fluctuation in price
due to the resolution of the remaining uncertainty in the stock va-
lue (i.e., through the realization of the fundamental stock value
that was not previously reflected in price).

We show that the information component of idiosyncratic re-
turn volatility first decreases and then increases with price infor-
mativeness for the following reason. As more investors choose to
produce information and more information is incorporated into
the stock price, price informativeness increases. This, in turn, in-
creases the information updating part of idiosyncratic return vola-
tility. As more information is reflected in price, less uncertainty
remains about the value of the stock, and the uncertainty resolving
part of idiosyncratic return volatility becomes smaller. Therefore,
the information updating part increases with price informativeness
whereas the uncertainty resolving part decreases with price infor-
mativeness. The information component of idiosyncratic return
volatility, which is the sum of the information updating part and
the uncertainty resolving part, has a U-shaped relation with price
informativeness since the average variance over time is the lowest
when the uncertainty is resolved gradually. To use a numerical
example to illustrate this intuition, suppose that the value of a
stock should double from $1 to $2 in two periods. Consider three
different scenarios: (1) The stock price is extremely uninformative
and all information will be revealed only in the second period. The
stock return will be 0 in the first period and 100% in the second
period. The variance of return in this case is 1[(0— 50%)*+
(100% — 50)*] = 0.25; (2) Information is incorporated into price
gradually so that the stock price rises to $1.5 at the end of the first
period, then stock return will be 50% in the first period and 33.3% in
the second period. The variance of return in this case is
1[(50% — 41.65%)* + (33.3% — 41.65%)*] = 0.007; (3) The stock
price is extremely informative and all information will be revealed
in the first period, then stock return will be 100% in the first period
and 0 in the second period. The variance of return in this case is
11(100% — 50)* + (0 — 50%)*] = 0.25. Hence a U-shaped relation
between price informativeness and the information component
of return volatility.

We also show that the noise component of idiosyncratic return
volatility decreases monotonically with price informativeness. This
is because as more investors choose to produce information,
liquidity trading has a lower impact on stock price since informed
investors can better absorb liquidity traders’ order flows, which
makes the stock price less noisy. This, in turn, reduces the noise
component of idiosyncratic return volatility. Therefore, the noise

component of idiosyncratic return volatility decreases with price
informativeness.

Our main theoretical results on the relation between price
informativeness and idiosyncratic volatility are as follows. First,
there exist no parameter values such that idiosyncratic return vol-
atility increases monotonically with price informativeness. Second,
there exist parameter values such that the relation between price
informativeness and idiosyncratic return volatility is U-shaped.
This happens when the variance of the demand from liquidity trad-
ers is relatively small compared to the variance in the firm’s funda-
mental value. Finally, there exist parameter values such that
idiosyncratic return volatility decreases monotonically with price
informativeness. This happens when the variance of the demand
from liquidity traders is relatively large compared to the variance
in the firm’s fundamental value. Empirically, we find a U-shaped
relation between price informativeness and idiosyncratic volatility.
Our sample spans from 1983 to 2004, with slightly more than 3000
US stocks in a given year. The U-shaped relation is observed in vir-
tually every year, and it is robust to using as many as six different
measures of price informativeness (which will be detailed in
Section 4.1.3).

Our results contribute to the literature in several ways. First,
this is the first study to theoretically model and empirically docu-
ment a U-shaped relation between price informativeness and idio-
syncratic volatility. Previous studies focus mainly on a monotonic
relation between the two. Second, this paper helps us better under-
stand the source of idiosyncratic return volatility: both noise and
information influence return volatility, but while the noise compo-
nent decreases monotonically with price informativeness, the
information component first decreases and then increases with
price informativeness. The information component of idiosyncratic
return volatility can be further decomposed into two parts: the
part representing the fluctuation in price as private information
about the fundamental value of the stock is incorporated into price,
and the part representing the fluctuation in price due to the reso-
lution of the remaining uncertainty about the value of the stock
when the true firm value is revealed. Finally, our results resonate
with some studies arguing that idiosyncratic return volatility is
not a good measure of how much information is reflected in stock
prices; see, e.g., Ashbaugh-Skaife et al. (2005). In other words, our
results show that researchers must be cautious when using idio-
syncratic return volatility as a measure of price informativeness,
since the relation between price informativeness and idiosyncratic
volatility may not be monotonic.

The rest of the paper is structured as follows. We relate our
work to the existing literature in Section 2. Section 3 develops
the theoretical model. Section 4 reports empirical results. We con-
clude in Section 5. All proofs are confined to Appendix A.

2. Related literature

This paper is related to the theoretical work on the relation be-
tween price informativeness and idiosyncratic return volatility. Jin
and Myers (2006) develop a model in which firm insiders can cap-
ture part of operating cash flows, which cannot be perfectly ob-
served by outsiders. They show a positive relation between price
informativeness and idiosyncratic volatility. In their model, the
true firm value is never revealed to the market.* As a result, the
uncertainty resolving part of the idiosyncratic return volatility is

4 While some information about firm value will be revealed to the public at the end
of a period (e.g., quarterly earnings and cash flows), other information will never be
observed by investors (e.g., the intrinsic value of the firm and management effort).
Therefore, assumptions in both Jin and Myers (2006) and our model are consistent
with the reality to some degree. Our assumption is shared by many other studies in
the literature (Kyle, 1985).
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not modeled in Jin and Myers (2006), and this explains the difference
in results between their work and this paper. In a one-period noisy
rational expectations model with multiple assets, Ozoguz (2005)
shows a negative relation between price informativeness and idio-
syncratic return volatility. Her definition of idiosyncratic return vol-
atility captures only the uncertainty resolving part, but not the
information updating part of idiosyncratic return volatility. In con-
trast, we use a dynamic model and capture both parts of the idiosyn-
cratic return volatility that are caused by information, and we show
that the information updating part increases with price informative-
ness, consistent with Jin and Myers (2006), and the uncertainty
resolving part decreases with price informativeness, consistent with
Ozoguz (2005).

A growing number of studies focus on the properties of the mar-
ket-model R-square of common stocks and idiosyncratic volatility.
Roll (1988) observes that only a small proportion of the actual
price movements of individual common stocks can be explained
by market and industry influences. Campbell et al. (2001) find that
idiosyncratic volatility of common stocks in the United States has
increased significantly during the past few decades. Morck et al.
(2000) find that firms in developed countries have higher idiosyn-
cratic volatility compared with firms in developing countries, and
they argue that this is due to the poor protection of investors’ prop-
erty rights in developing countries.

This paper joins the current debate on whether higher idiosyn-
cratic volatility means more or less information in stock prices. Our
results reconcile the opposing views expressed in the two strands
of literature we have mentioned in Section 1. Unlike the existing
literature, we find a non-monotonic relation between stock price
informativeness and idiosyncratic volatility. Existing studies test
only a monotonic relation between the two, but their results do
not necessarily contradict ours. For example, Morck et al. (2000)
compare idiosyncratic volatility in different countries. Since infor-
mation is more efficient in the industry and country level than in
the firm-specific level, their results fall in the right half of the U-
shape we have documented, and this may explain the positive rela-
tion between stock price informativeness and idiosyncratic volatil-
ity in their studies. Kelly (2005) uses firm-specific data in the US,
but he uses raw price informativeness measures instead of residual
measures as we do. This explains why Kelly (2005) finds a negative
relation between price informativeness and idiosyncratic volatility,
while we find a U-shaped relation.” As we will explain later in Sec-
tion 4.1.4, since profitability volatility and firm size produce a wide
spread of idiosyncratic volatility and price informativeness, we need
to control for these two factors to isolate the effect of price informa-
tiveness on idiosyncratic return volatility.

Finally, there is an ongoing debate in finance on the relation be-
tween idiosyncratic volatility and expected stock returns. Ang et al.
(2006) and Guo and Savickas (2010) find a negative cross-sectional
relation between idiosyncratic volatility and subsequent stock re-
turns. Guo and Savickas (2008) find that idiosyncratic volatility
has negative predictive power for aggregate stock market returns
over time in G7 countries. In contrast, Fu (2009) finds a positive
relation between idiosyncratic volatility and contemporaneous
stock returns using the exponential GARCH models. Goyal and San-
ta-Clara (2003) find that equal-weighted total volatility (mainly
idiosyncratic) is positively related to future stock market returns.
Even though our focus is on how idiosyncratic volatility is related
to price informativeness instead of expected stock returns, we con-
tribute to the literature by helping researchers better understand
the sources of idiosyncratic volatility. Specifically, we show that
idiosyncratic volatility can be caused by either noise or uncertainty

5 In unreported results, we also find a negative relation between raw price
informativeness and idiosyncratic volatility, similar to Kelly (2005).

in the fundamental value, and the latter can be further decom-
posed into information updating volatility and uncertainty resolv-
ing volatility.

3. The model

Consider an economy with one riskfree asset and N + 1 risky as-
sets. Assets 1 to N are individual stocks and asset M is the market
index. All assets live for T periods. The liquidation value of asset n
at time T is

T
Var =Va+Y 6ng, forn=1,...,N,M.

t=1
V, is the expected liquidation value of asset n, which is announced
at time 0. J,, is the innovation on the value of asset n in period ¢,
which becomes known to the public at time t. We assume that for
the N individual stocks, ¢ . is influenced by a systematic compo-
nent, m, and an idiosyncratic component, f;, ,

5",[:ﬁnm[+fn.t7 forn:l7"'7N7 (1)

where g, is the sensitivity of 5, with respect to m,, and m, and f;,,
are independent of each other and over time with the following
distributions:

me NN(070-%1)7 andfn,t NN(O>O-)%_)1)‘ (2)
For the market index, we have
Ome = M. (3)

The risky asset n € {1,...,N,M} has a physical supply of Y,. For
simplicity, we assume that the riskfree asset is in perfectly elastic
supply, and the net return on it is normalized to zero.

3.1. An equivalent economy

Given the structure of the payoffs, we can consider an equiva-
lent representation of the original economy, similar to Ozoguz
(2005). In the equivalent economy, there are N+ 1 risky assets.
The liquidation value of asset n at time T is

T
Ung =Tn+ Y Mo forn=1,..,NN+1,

t=1
where @, =V, — ,Vy and 9 =fn, for n=1,...,N, and iy, = Vy
and 9.1, = m,. That is, asset n € {1,.. ,N} in the equivalent economy
is equivalent to a portfolio of one share of stock n plus — 8, shares of
the market index in the original economy. Therefore, in the equiva-
lent economy, the physical supplies of the stocks are y,=Y, for
n=1,...Nandyy ;=Yu+ Z',;’ZlﬁnYn. For simplicity, we call the liq-
uidation value of asset n at time T as the fundamental value of asset
n, i.e,, U, = u,~ We will first focus our analysis on the equivalent
economy and derive stock prices and return volatility. Later, we will
go back to the original economy and derive stock prices and idio-
syncratic return volatility in the original economy.

3.2. Investors’ information production and utility maximization
problem

Three types of traders (investors) are in the market: liquidity
traders, informed traders, and uninformed discretionary traders
(UDTs). The aggregate demand (in terms of number of shares) from
liquidity traders for asset n<{1,...N,N+1} at time te{0,1,...,
T — 1} is zp 1, Which has the following distribution:

Zue1 ~N(0,62,). (4)

We further assume that z, . is independent across the N + 1 secu-
rities and across time.
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There is a continuum of UDTs over the interval [0,1]. UDTs do
not know the value of 7, at time t. They can, however, choose
to either remain uninformed or acquire a noisy signal about 7, 1+1
at a cost and become informed.® Specifically, the value of 1,
can be decomposed into two parts

Nper1 = Onesr + €neyr, (5)

where 0,,,+1 and €, are independent of each other, across securi-
ties, and across time,” with the following distributions:

Oner1 ~N(0,07,), and €01 ~N(0,02,). (6)
By incurring a cost of C, at time t, a UDT observes the value of 6, 11
and becomes an informed trader.

All investors have the same exponential utility function of con-
sumption over the time T wealth, Wr:

u(Wy) = —e~Wr (7)

where a is the absolute risk-aversion coefficient. At each time
te{0,1,..,T—1}, the following events occur sequentially: (1)
investor j starts with X} = (X),,...,X},,,) shares of stocks and B,
dollars of cash (the riskfree asset); (2) the investor decides whether
to acquire information on each of the N + 1 stocks; (3) trading takes
place, and stock prices P, = (Py,. . ..Px+1,:) are determined in equilib-
rium; (4) the investor carries X], ; shares of stocks and Bl , dollars of
cash to the next period.

We use F,, to denote investor j’s decision on whether to acquire
information about stock n at time t, with value 1 if yes and 0 other-
wise. The cash holding of investor j changes over time as follows:

B, =B +P/(X,-X,.;) - (E)C,

where E = (F,,....F.,,) and C=(C1,Cy,....Cne1). At time T, the
investor’s final wealth is

Wi = B, + u,X).

t+1

where u = (uy,.. ,un+1) is the vector of the fundamental values.
3.3. Equilibrium in the last period

At time T, all information becomes public, so stock prices are as
follows:

Pir=uprforn=1,... NN+1. (8)

At time T — 1, a number of p,r_; €(0,1) UDTs acquire information
about stock n and become informed. The following proposition
summarizes the equilibrium stock prices at time T — 1:

Proposition 1 (Stock prices in the last period). The price for stock
nef{l,.. NN+1}attimeT—1is

T-1

Pn.T—l = ﬂn + Z 17;1,[ + ‘“g‘rqen.T + O(f,_rq (Zn.T *yn)7 (9)
t=1

where o, > 0 and o _, > 0 are given in Egs. (A.12) and (A.13).

6 Even though we assume that the stock value is affected by both the market return
and the idiosyncratic component, our model setup is different from CAPM in the sense
that CAPM assumes no asymmetric information among investors. In contrast, our
model falls into the literature examining the asset pricing implications under
asymmetric information. Whether CAPM holds under asymmetric information is an
interesting research topic, but it is out of the scope of the current paper. We thank an
anonymous referee for pointing this out.

7 Since #n+1's are the idiosyncratic components of the N securities and the market
factor in the original economy, they should be independent of each other cross-
sectionally by definition. It is not unduly restrictive to assume that #,.'s are
independent over time since they are the innovative parts of the fundamental values
at time t+ 1.

The equilibrium price of stock n at time T — 1 is a linear combi-
nation of the private information held by informed traders, 6,1, and
the demand from liquidity traders, z, 1. The price partially incorpo-
rates the private information but does not fully reveal it, since the
price is also influenced by z, . The UDTs can only infer part of the
private information through price.

3.4. Decomposition of return volatility

The following proposition summarizes the price function at
timete {0,1,...T — 2}.

Proposition 2 (Equilibrium stock prices). The price of stock
ne{l,.. , NN+1}attimete{0,1,...T—2}is

t
Pn.t = ﬁn + Z nn,s + ag.ten‘Hl + aﬁ,r(zﬂ,Hl _yn)a (10)
s=1
where o), and o, are characterized in Eqs. (A.24) and (A.25).

At any time from O to T — 2, the stock price is a linear combina-
tion of the private information held by informed traders, 6, 1, and
the demand by liquidity traders, z,.1. The price partially incorpo-
rates the private information but does not fully reveal it. UDTs
decide whether or not to produce information on each of the
N+ 1 stocks at time t. Since the marginal benefit from acquiring
information on stock n at time t decreases with the number of
investors who choose to acquire information, equilibrium is
reached when the marginal benefit equals the marginal cost of
acquiring information on stock n.

Now, we define the return of stock n in period t as

The = Pn.t - Pn.t—l = (l - “Z,H )Qn‘t + O‘g\[an‘wl + €nt + ai,t (Zn.Hl _.yn)
+ 0 1 (Zne —Yn)-

The variance of the stock return is therefore

Var(ry,) = (1 - Otﬁ,m)szﬁ,n + (aﬁ,t)zﬂﬁ.n + Gg.n + (“vzﬂz‘t)zo-;n

+ (aﬁ.[—] )Zo-g,n‘
The first component, (1 - ocg_H)zaﬁvn, is caused by the realization of
the information about 6,,, that is not previously reflected in price
Pp;—1. The second component, (ag‘t)zaﬁvn, is caused by the incorpo-

ration of information about 0,1 in price P, . The third component,
o2, is caused by the imperfection of information production about

en?

Nnt+1, 1.€., the noise in the information production process. The
2
fourth and fifth components, (oZ,)*62, and (och]) 02, are caused

by liquidity trading at time t and time t — 1, respectively.

Instead of focusing on the time period, we focus on the sources
of the return volatilities, 0,41, €ng+1, and zp 1. The stock return
from time ¢ to time t + 1, 1y, 41, iS

0 0
Tnee1 = (1 - ozn,t> Onee1 + 0 g Onesz + Enern + 0y (Znera — V)
+ 0 (Zner1 = Yn)-
In rpp [aﬁ‘ten.m + 0 (Znes —yn)] is caused by (0p,+1,Zn,+1), and in

Tne+1s [(1 — 0 )Onei1 + Enprr + 0E 1 (Zne fyn)] is caused by
(0n,t+1, €nt+1,Zne+1 ). We define instead

/

0
The = [“n.temtﬂ + 05 1 (Zn g1 —yn)]

+ [(1 - az,r)en.tﬂ + Enert + 0 (Zne 7yn)}

This newly defined return process reflects the return components
caused by (0p,¢+1, €n,t+1,Zn, e+1) ONly. Note that the sum of r},, over time
equals the sum of r,, over time. Therefore, we will focus on this re-
turn instead. The variance of the newly defined return is



D.W. Lee, M.H. Liu/Journal of Banking & Finance 35 (2011) 1563-1580 1567

Var(r,) = [(1 = o) + (24,)7] 03, + 02 + 2005, 02,

The first part of the return volatility,

v = [(1-a) o+ (#,) | ot

is the return volatility caused by information, corresponding to the
information component of return volatility that we refer to in the
introduction. The second part,

VYR, ) = 62 + 2(0,)* 02,

is the return volatility caused by noise, corresponding to the noise
component of idiosyncratic return volatility that we refer to in
the introduction. Furthermore, the information component of re-
2
turn volatility has two parts: the first part, ( m) 03, is the infor-
mation updating part, which is caused by the incorporation of
private information in the stock price; the second part,
2

(1 - ocf,‘t) 02, is the uncertainty resolving part, which is caused
by the realization of the residual private information that was not
previously reflected in the stock price.

The following proposition shows that the information compo-
nent of return volatility first decreases with the number of infor-
mation producers, (,, and then increases with g, That is,
i (r;u) has a U-shaped relation with respect to u,, The noise
component of return volatility decreases monotonically with .

Proposition 3 (Relation between the number of informed traders
and the information and noise components of return volatility).

(i) There is a U-shaped relation between the number of informa-
tion producers and the information component of return vola-
tility. That is, for every stock ne{l1,2,... N+1},
9vlnjo(r/

Oln ¢ "[) <0 fOT‘ Hnr € [0 ,uﬂt and # >0 fOI’ Hae €

[itns, 1], where

2
252 Y2 262 (52
\/(2(1 O-z‘nzn,tﬂ +a O-z,no-().nzﬂ-fH) +40—011(1 O-znzn t+1

J
N

=
o

Information Component

0 0.2 0.4 0.6 0.8 1
Fraction of Informed Traders

Fig. 1. Relation between the fraction of informed traders and information compo-
nent return volatility.

Example 1. Assume the following parameter values: g, =2,
0,n=1,0.,=0.5, and a=1. We first look at the relation between
the fraction of informed traders and the information component of
return volatility. When the fraction of informed traders increases
from 0% to around 40%, the information component of return
volatility decreases monotonically. When the fraction of informed
traders increases from 40% to 100%, the information component of
return volatility increases monotonically. Fig. 1 shows the U-shaped
relation between the fraction of informed traders and the informa-
tion component of return volatility. We then look at the relation
between the fraction of informed traders and the noise component of
return volatility. When the fraction of informed traders increases
from 0% to 100%, the noise component of return volatility decreases
monotonically. Fig. 2 shows the relation between the fraction of
informed traders and the noise component of return volatility.?

3.5. Relation between price informativeness and return volatility

We define price informativeness as the uncertainty reduction in
the value of the stock due to the knowledge of the price:

2 52 2 252 42
(2(1 Gz.nzn.tﬂ +a O-z,no-f),nzn-fH)

e 207,

(ii) The noise component of return volatility decreases monotoni-
cally with the numberofinformationproducers That is, for every

stockne {1,2,...,N+1}, OVN[SE W) < 0 for any p,. € [0,1].

The information updating part of return volatility, (oc‘,ﬂvr) 02, in-

creases with the number of information producers, p, .. The uncer-
2

tainty resolving part of return volatility, (1 - ocﬁ_r> 02, decreases

with pp . The sum of the two parts, which is the information compo-
nent of return volatility, is the lowest when the number of informa-
tion producers, i,,, is moderate so that neither part is too large. In
contrast, when the number of information producers is either too
large or too small, the sum is large. Therefore, we have a
U-shaped relation between the number of information producers
and information component of return volatility. We want to empha-
size that the U-shaped relation holds for all parameter values, since
[tn ¢ is always between 0 and 1. The noise component of return vola-
tility decreases monotonically with ,  since more information pro-
ducers reduce the impact of noise on price and reduce the noise
component of return volatility.

We use a numerical example here to show our results in Prop-
osition 3.

(11)

Var:(un|Pny)

Pne=1- Var, (u,)

(12)
where Vary(u,|P,,) is the variance of stock n’s fundamental value
conditional on the stock price, P, while Var(u,) is the uncondi-
tional variance of stock n’s value at time t without observing the
stock price.® This measure captures the fraction of information about
the stock’s fundamental value that is incorporated into the price. For
example, when the price incorporates no information at all, then
Var{(un|Pn) = Var{u,) and ¥, .= 0. In contrast, when the price is fully
revealing, then Var(u,|P,;)=0and ¥, =1

The following proposition characterizes the price informative-
ness of stock n, and its relation with the number of information
producers in the economy and the information production cost.

Proposition 4 (Relation between the price informativeness and
the number of informed traders). The price informativeness of stock
n at time t is

8 Because many of the parameters in our model (e.g., a2, and 62 ) are not directly
observable, our model predictions are mostly qualitative instead of quantitative.
9 Kyle (1985) interprets and defines price informativeness in a similar fashion.
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Noise Component
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Fraction of Informed Traders

Fig. 2. Relation between the fraction of informed traders and noise component
return volatility.

Wy = () e (13)
L T-0(02+03)| (040 + ()7 02]

which increases with the number of informed traders about stock n,
Ung and decreases with the information production cost for stock n,

is 0%nc 9¥ne
Co. That is, 7 > 0 and 2 < 0.

As more UDTs choose to produce information and become
informed traders, the price becomes more informative. This is be-
cause the demand of the informed traders reflects the fundamental
values of the stock and this information is partially incorporated
into the price. Since in equilibrium the fraction of informed traders
in the economy decreases with the information production cost,
the price informativeness decreases with the information produc-
tion cost.

The following proposition summarizes the relation between
price informativeness and return volatility.

Proposition 5 (Relation between price informativeness and return
volatility).

(i) No parameter values exist such that the return volatility
increases monotonically with the price informativeness

oVar(ry )
O¥n¢

that the relation between the return volatility and the price

i)Var(r’_[) ~
g <0 for ¥,; < ¥, and

> 0 for all 'Pn_,[) ; (ii) There exist parameter values such

informativeness is U-shaped (

var(ry, )
Wi

such that the return volatility decreases monotonically with the

oV !
Varng - 0 for all ‘Pn_t).

Otn e

>0 for ¥, > lf’m) ; (iii) There exist parameter values

price informativeness (

We use a numerical example here to show that parameter val-
ues exist so that there is a U-shaped relation between price infor-
mativeness and return volatility, as predicted by part (ii) of
Proposition 5.

Example 2. Assume the following parameter values: oy, =2,
0,n=1,0c,=05,T—t=1,and a=1. When the price informative-
ness increases from 0% to around 70%, the return volatility
decreases monotonically. When the price informativeness
increases from 70% to 100%, the return volatility increases mono-
tonically. Fig. 3 shows the U-shaped relation between the price
informativeness and the return volatility.

In the above example, the variance of the value of informed
traders’ private information is greater than the variance on the
demand of liquidity trading ( 63, =4 > ¢2, = 1), and we observe

5.2

4.8

4.6

Return Volatility

4.4

0.4 0.5 0.6 0.7 0.8
Price Informativeness

Fig. 3. Relation between price informativeness and return volatility when the
variance of the noise is low.

6.5

5.5

Return Volatility

0.1 0.15 0.2 0.25 0.3
Price Informativeness

Fig. 4. Relation between price informativeness and return volatility when the
variance of the noise is high.

a U-shaped relation between price informativeness and return vol-
atility. In the next example, we show that when the variance of the
value of informed traders’ private information is smaller than the
variance on the demand of liquidity trading, the return volatility
decreases monotonically with the price informativeness. This next
example also shows the existence of parameter values such that
there is a negative relation between price informativeness and re-
turn volatility, as predicted by part (iii) of Proposition 5.

Example 3. Assume the following parameter values: gy, =1, 0, =
1.2,6,,=05T—t=1, and a=1. The return volatility decreases
monotonically with the price informativeness. Fig. 4 shows the
negative relation between the price informativeness and the return
volatility.

3.6. Back to the original economy

A share of stock ne{1,2,...,N} in the original economy is
equivalent to a portfolio of one share of stock n and g, shares
of stock N+ 1 in the equivalent economy. We use the superscript
O to denote prices in the original economy. The following proposi-
tion summarizes the stock prices over time in the original
economy.

Proposition 6 (Stock prices in the original economy). At time

te{0,1,...,T}, the price of stock ne{1,2,...,N} in the original
economy is

PO, = Pye+ BuProts,
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and the price of the market index (ie., stock M) in the original
economy is

Ppie = P,
where P, is given in Eqgs. (8)-(10).
The stock prices of the N individual stocks are correlated, since

they are all affected by the market index. The return volatility of
stock n €{1,2,...,N} at time t is now

2
VaTO (T;”> = ﬁn{ |:(1 - O‘KJHJ) + (O(;ilﬂ.t)z} 012\J+1.() + O-ilﬂf +2(O(ﬁ.t)20-12\1+1.z}

([ ]2 ),
(14)

That is, the return volatility can be decomposed into systematic
return volatility and idiosyncratic return volatility. Following the
empirical literature, we define the (relative) idiosyncratic return
volatility as follows:

(1) + ()’

Var®(r,,)

2
2 2 74 2
Gn.U + O-n,e +2 (Ocn.t) O-n,z

Ivn.t =

)

which is essentially one minus the market-model R-square.

In the original economy, the price informativeness of an
individual stock depends on the informativeness of both the
systematic component and the idiosyncratic component of the
stock’s fundamental value. However, since all stocks are influenced
by the same systematic factor, the cross-sectional difference in
price informativeness is driven only by the idiosyncratic compo-
nent. For this reason, we keep our definition of price informative-
ness the same as that in the equivalent economy. That is, we
define price informativeness of an individual stock in the original
economy as the uncertainty reduction in the value of the stock’s
idiosyncratic value due to the knowledge of the price.

The following proposition summarizes the relation between the
price informativeness and the (relative) idiosyncratic return vola-
tility. The results follow naturally from the results in Proposition 5.

Corollary 1 (Relation between price informativeness and idiosyn-
cratic return volatility).

(i) No parameter values exist such that the idiosyncratic return

volatility increases monotonically with the price informative-
ovar® " .

ness (MZTS':’) > 0 for all Y’M) ; (ii) There exist parameter

values such that the relation between the idiosyncratic return

volatility and the price informativeness is U-shaped
ovar(ry,) 7 ovar(r,
(M55 <0 for W< T and HEI 0 or

Ve = @,,_t); (iii) There exist parameter values such that the
idiosyncratic return volatility decreases monotonically with
the price informativeness (% > 0 for all llfm).

1,

4. Empirical tests

In this section, we empirically test the relation between price
informativeness and idiosyncratic return volatility. We first de-
scribe our sample and how we measure price informativeness
and idiosyncratic return volatility. Then, we report our results on
the relation between the two. Finally, we perform an array of
robustness checks to show that our empirical results are robust
to different specifications.

4.1. Sample and data

4.1.1. Sample

We construct the sample with non-financial and non-utility
stocks whose CUSIP identifier is either 10 or 11.'° We also exclude
stocks whose industry classification is not obvious (i.e., SIC codes are
missing and thus have a value of zero). We examine their weekly
stock returns and require stocks to have a full year of weekly return
data. The sample period spans from 1983 to 2004.

4.1.2. Measuring idiosyncratic volatility
We measure idiosyncratic volatility by estimating the following
equation:

Tiwe = Ot + Bir X Tmwe + Vip X T2we + Eiwe, (15)

where 1;,, is stock i’s simple return in week w (Wednesday close to
the next Wednesday close) in year t, 1w, and ripw, are, respec-
tively, the contemporaneous returns on the market portfolio and
on the industry portfolio (based on the 2-digit SIC). To avoid any
spurious results, both the market and the industry portfolios are
constructed without stock i; remaining stocks are then value-
weighted. The firm-specific return volatility (FSRV hereafter) for
firm i in year t, FSRVy, is defined as one minus the R-square from
regression (15).'1'12

4.1.3. Measuring price informativeness

We use six measures of price informativeness that are widely
used in the literature. Each measure is transformed so that a higher
value of the measure corresponds to greater price informativeness.
Since we measure FSRV every year, the informativeness measures
are also calculated on an annual basis.

4.1.3.1. Information-based trading (N_PIN). Our first measure is
based on the PIN in Easley et al. (2010) and it is widely used in
the literature as a measure of price informativeness (e.g., Kang,
2010). It is the market maker’s estimate of the probability that a
certain trade is based on private information about the stock. For
firms with informative stock prices, since most firm-specific infor-
mation is already incorporated into the price, the probability that
the market maker is trading against an informed trader is small.
On the contrary, for stocks with less informative stock prices, the
probability that any given trade is information-based is higher;
thus, the PIN will also be higher. We make the following transfor-
mation to create an informativeness measure based on PIN:
N_PIN, = —log(PIN for year t). Our PIN measures cover all NYSE/
Amex common stocks from 1983 to 2001 for which PINs can be
estimated.

4.1.3.2. Price impact (N_PIM). Following Amihud (2002) and similar
to Thapa and Poshakwale (2010), we measure price impact by the
absolute daily return divided by the daily dollar volume of trade (in

10 Both industry and CUSIP information is from CRSP. In particular, we use the
historical SIC and CUSIP, not the ones in the header file.

™ Our definition of FSRV can be viewed as relative FSRV, and this is the definition
used in most studies in the literature (e.g., Morck et al., 2000). A few studies use
absolute FSRV, which is the root mean square error of the regression of the firm's
stock return on the market (and industry) return. As we will show later in robustness
check, we obtain broadly consistent results when we use absolute FSRV.

12 While our model explicitly predicts a U-shaped relation between absolute FSRV
and price informativeness, it also implicitly predicts a U-shaped relation between
relative FSRV and price informativeness. We assume that investors produce
information about the firm-specific component but not about the systematic
component. Therefore, while the absolute idiosyncratic volatility changes with how
much information is produced by investors (i.e., price informativeness), the market
volatility remains constant when price informativeness changes. That is, changes in
relative FSRV are driven by changes in absolute FSRV in our model. We thank the
anonymous referee for pointing this out.
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millions), averaged over the year (namely, PIM). PIM measures
how easily investors can liquidate a stock without severely affect-
ing the price. A larger value of PIM means, upon a liquidity shock,
one has to incur a greater dollar loss to sell the stock. Efficiently
priced stocks tend to be more liquid.'® Therefore, the price impact
of any given trade is greater for stocks with less informative prices.
We make the following transformation to create an information
measure based on the price impact: N_PIM, = —1og(0.0001 + PIM).

4.1.3.3. Analyst earnings forecast error (N_ERR). Following Krish-
naswami and Subramaniam (1999), we assume that as analysts
allocate more resources, their research will produce a more precise
forecast, and more information about the fundamental value of the
firm will be incorporated into the price. Following this logic, we
use analyst earnings forecast error as another price informative-
ness measure. Each month, we calculate forecast error as the abso-
lute value of the difference between the mean earnings forecast for
the next fiscal year and the actual earnings per share (EPS), scaled
by the stock price in that month; then, we average the monthly
forecast errors over the year. We make the following transforma-
tion: N_ERR, = —log (0.0001 + average forecast error during year t).

4.1.3.4. Analyst earnings forecast dispersion (N_DSP). As analysts
allocate more resources and intensify their research activities, it
is also reasonable to assume that their opinions will converge
to a correct parameter value. Following Krishnaswami and
Subramaniam (1999), we use analyst earnings forecast dispersion
as another price informativeness measure. Each month, we obtain
forecast dispersion (i.e., standard deviation) for EPS of the next fis-
cal year, scaled by the mean forecast; we then average the monthly
scaled forecast dispersions over the year. We make the following
transformation: N_DSP;= —log (0.0001 + average forecast disper-
sion during year t).

4.1.3.5. The length of the firm’s public trading history (AGE). Avail-
ability of public trading history will surely reduce the information
production costs, and encourage the gathering and incorporation of
information into stock prices. Specifically, we construct this mea-
sure by counting the number of years during which the stock is
publicly traded (i.e., the number of days divided by 365). Following
Pastor and Veronesi (2003), we make the following transforma-
tion: AGE;= —1/(the number of publicly traded years as of the
end of year t).

4.1.3.6. Institutional ownership (10). It is widely accepted that insti-
tutional investors are more sophisticated than retail investors
(Rubin and Smith, 2009). Therefore, institutional ownership for a
stock can serve as a direct measure of the amount of information
incorporated into the stock. Institutional ownership is measured
as the fraction of shares that are held by institutions who file the
13F form with the Securities and Exchange Commission. If a stock
is not held by any of those 13F-reporting institutions, we assume
that the institutional ownership of that stock is zero. Since this is
quarterly information, we use the average over four quarters with-
in a year. We make the following transformation: IO, = 1og(0.0001 +
fraction of shares held by institutions for year t).

It is worth mentioning that in the theoretical part of the paper,
we have defined price informativeness as the uncertainty reduc-
tion in the value of the stock due to the knowledge of the price,
characterized by Eq. (12). Because we cannot directly observe
and measure the unconditional variance of the stock value Var{u,),

13 When a firm is informationally efficient, the market makers face less adverse
selection from potential informed traders. The probability of any given trade is
information-based is small, and the market maker tends to adjust the stock price less
when there is an imbalance of trade order flows.

we can only use the above six measures to proxy for price informa-
tiveness. When the stock price becomes more informative, the va-
lue of Var(u,|P,,) decreases, and the value of ¥, (our theoretical
definition of price informativeness) increases. Empirically, when
the price becomes more informative, information-based trading
should decrease, price impact of trading should be smaller, and
analyst earnings forecasts should be more accurate and less dis-
persed. As the firm has a longer trading history and more owner-
ship by sophisticated institutional investors, its stock price
should also become more informative. That is why we choose these
six widely-used measures to proxy for our theoretical definition of
price informativeness ¥, .

4.1.4. Controlling for the volatility of profitability and firm size

Firms with more volatile cash flows and earnings, ceteris pari-
bus, tend to have higher idiosyncratic stock return volatility (e.g.,
Pastor and Veronesi, 2003). It is also well documented in the liter-
ature that larger firms tend to have lower idiosyncratic volatility
(e.g., Roll, 1988; Kelly, 2005). At the same time, both firm size
and cash flow volatility greatly affect price informativeness. When
estimating the relative importance of cash-flow and expected-re-
turn news for firm-level stock returns, he finds that the variance
of expected-return news is approximately one-half of the variance
of cash-flow news for excess returns. Given that firm size and cash
flow volatility greatly affect idiosyncratic volatility and price infor-
mativeness, we first regress price informativeness on firm size and
cash flow volatility and then examine the relation between residual
price informativeness and idiosyncratic volatility.'"* This way, we
can isolate the effects of price informativeness from the effects of
firm size and cash flow volatility on idiosyncratic return volatility.

Firm size in year t is measured as the natural log of the firm’s
market capitalization as of the end of year t — 1 (MVE). As a mea-
sure of the volatility of corporate profitability, we use the standard
deviation of the firm’s return on equity over the sample period,
which we call SROE. We then estimate the following cross-sec-
tional regression of one of our informativeness measures on MVE
and SROE, and use the residuals as the informativeness measure
in the analysis.

INFO; ¢ = s + B, x SROE;; + 7y, x MVE;; + & (16)

where INFO;; is one of our transformed informativeness measures
for stock i in year t. We estimate this regression within the same
NYSE size quintile to avoid imposing a simple linear relationship
between firm size and a noise measure. We, however, also report
results based on one single cross-sectional regression as a robust-
ness check.!®

4.2. Empirical results

We report empirical results in this section. We first provide the
summary statistics for the variables used in this paper. Then, we
document a U-shaped relation between price informativeness

14 Our theoretical model predicts a U-shaped relation between price informative-
ness and idiosyncratic volatility under certain parameter values (see Fig. 3 and
Proposition 5). However, these results are based on comparative statics. Specifically, it
shows that, holding everything else constant (including firm size and cash flow
volatility), idiosyncratic volatility first decreases and then increases with price
informativeness. Empirically, because different firms have different characteristics
that affect idiosyncratic volatility and price informativeness, we have to control for
these firm characteristics first before examining the relation between price informa-
tiveness and idiosyncratic volatility.

15 If we do not control for firm size and profitability volatility in price informative-
ness, we find a monotonic negative relation between idiosyncratic volatility and raw
price informativeness, similar to results in Kelly (2005). Alternatively, if we first
regress idiosyncratic volatility on MVE and SROE, we find a monotonic negative
relation between residual idiosyncratic volatility and raw price informativeness.
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and FSRV. Finally, we provide some tests to show that our results
are robust to different specifications.

4.2.1. Summary statistics

Table 1 provides the summary statistics for the main variables
used in this paper. Panel A reports the summary statistics of FSRV;,.
Specifically, we estimate summary statistics of FSRV each year and
then average them over the sample period. The minimum FSRV in
Panel A is thus the average minimum over the sample period. Con-
sistent with earlier studies, our sample firms show significant
FSRV, meaning that only a small portion of their stock returns,
on average about 16%, are explained by the market or industry fac-
tors (as specified in Eq. (15)).

Panel B reports the correlation coefficients among firm size, two
earnings volatility measures, and the six informativeness mea-
sures. As we have conjectured earlier, large firms tend to have
smaller earnings volatility as is evidenced by the negative correla-
tion between firm size and the volatility measures. Given that the
six informativeness measures are available for samples with differ-
ent size (see the average number of stocks for which the variables

into 10 groups by the value of their residual informativeness mea-
sures. Finally, we plot the mean and median FSRV for each of the 10
groups over the sample period.

All the six informativeness measures show a U-shaped relation
to FSRV. In each plot, when the residual informativeness measure
is small, FSRV decreases in the residual informativeness measure.
This suggests that when the information environment of the firm
is relatively poor, more information in the stock price leads to
smaller FSRV, which is consistent with the argument of West
(1988). The right half of the plot shows the opposite pattern as
FSRV increases in the residual informativeness measure. This im-
plies that when the information environment of the firm is rela-
tively good, more information in stock price leads to greater
FSRV, which is consistent with the findings of Morck et al. (2000).

To formally test our hypothesis and see if this change in the
relation between stock price informativeness and FSRV is statisti-
cally significant, we estimate the following year-by-year cross-
sectional regression:

3 3
FSRViy = o+ (Bae X RGar) + Y (74, x RGar x RINFOyy)

can be constructed), looking for a general pattern across them can d=1 d=1
further assure robustness of our results. + &ig, (17)
3
. . . . . St . Z ﬁdt = O
4.2.2. Relationship between FSRV and residual informativeness ;

measures

We first plot FSRV against the residual informativeness mea-
sures and present six plots (one for each informativeness measure)
in Fig. 5. Specifically, in each year, we first estimate Eq. (16) to ob-
tain the residual informativeness measures. We then assign stocks

where FSRV;, is firm-specific return variation for stock i in year ¢,
R_INFO;; is the residual informativeness measure from regression
(16), and RGq; is a 0/1 dummy variable for one of three regions in
the cross-section that is sorted by the residual informativeness

Table 1

Sample and summary statistics This table reports summary statistics of firm-specific return variation and other variables. The sample includes all non-financial and non-utility
CRSP stocks whose CUSIP identifier is either 10 nor 11. Stocks whose SIC codes are missing or whose weekly return data are not available for the full year are excluded. Firm-
specific return variation of a stock is estimated by deducting from one the R? of the year-by-year regression of the stock’s weekly return on the weekly returns for the market and
industry portfolios. Both portfolios are value-weighted and do not include the stock in question. Industry is determined by two-digit SIC codes. Firm size is the market
capitalization as of the end of the previous year. Information measures include: probability of information based trading (PIN), price impact, analyst forecast error, analyst forecast
dispersion, institutional ownership, and the number of publicly traded years. PIN is obtained from Soeren Hvidkjaer’s web site. Price impact (PIM) is the absolute daily return over
the daily dollar volume, averaged over the year and then multiplied by 10°. Analyst forecast error (ERR) is measured as the absolute value of the difference between the mean
estimate and the actual EPS (scaled by the stock price) for the next fiscal year. Analyst forecast dispersion (DSP) is measured as the standard deviation of analyst forecasts. At least
two analysts are required for forecast error and dispersion. Institutional ownership is the fraction of shares held by 13f-filing institutional investors, averaged over the year. The
number of publicly traded years is the number of days from the first public trading day to the last day of the year, divided by 365. All the information measures are transformed so
that a higher value corresponds to more information: specifically, N_PIN = -log (PIN); N_ERR = -log (0.0001 + ERR); N_DSP = -log (0.0001 + DSP); N_PIM = -log (0.0001 + PIM);
AGE = -1/the number of publicly traded days divided by 365; and 10 = log (0.0001 + institutional ownership). MVE is the natural log of the market capitalization at the end of the
previous year, SROE is the standard deviation of the return on equity (ROE) during the sample period. RROE is the mean square error from the regression of ROE on its 1-year
lagged value, estimated over the sample period.

Panel A. Summary statistics of firm-specific return variation - in a given year

n Mean Stdev Min ql Median q3 Max
3073 0.837 0.145 0.199 0.764 0.879 0.949 1.000
Panel B. Other variables
Average number of sample stocks in a given year
SROE RROE MVE N_PIN N_PIM N_ERR N_DSP AGE 10
3073 3073 3073 977 3073 1706 1648 3073 3073
Correlation coefficient with one another
RROE 0.847
(0.000)
MVE —-0.240 -0.124
(0.000) (0.000)
N_PIN -0.073 —0.006 0.718
(0.000) (0.407) (0.000)
N_PIM -0.212 -0.110 0.912 0.715
(0.000) (0.000) (0.000) (0.000)
N_ERR -0.205 -0.123 0.429 0.277 0.425
(0.000) (0.000) (0.000) (0.000) (0.000)
N_DSP -0.147 -0.073 0.326 0.254 0.320 0.580
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
AGE —-0.189 -0.102 0.160 0.078 0.149 0.082 0.036
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
10 -0.227 -0.153 0.613 0.439 0.606 0.281 0.259 0.193
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
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Fig. 5. Idiosyncratic volatility and price informativeness - after controlling for volatility of profitability and firm size. The above figures are a plot of idiosyncratic volatility
(i.e., firm-specific return variation) against the residual price informativeness measure. Residual values are obtained from a year-by-year cross-sectional regression of the
original price informativeness measure on cash flow volatility and firm size within the same size quintile. Firm size is the market capitalization as of the end of the previous
year and volatility of profitability is the time-series standard deviation of the return on equity across all sample years.

measure (RG: first four deciles; RG,,: middle two deciles; RG3;:
last four deciles). To avoid linear dependency, we impose the
restriction that coefficients for the three dummies sum to zero.
Table 2 reports the time-series average of the regression coeffi-
cients and their Newey-West t-statistics, in the spirit of Fama and
MacBeth (1973). The average coefficient on the interaction term
between RG; . and R_INFO;;, Y4, is negative and statistically signif-
icant for all six informativeness measures (the coefficient on N_DSP

is only marginally significant with a t-statistic of 1.78). This means
that for firms with poor information environments, more informa-
tion in the stock price leads to smaller FSRV. The average coeffi-
cient on the interaction term between RG,; and R_INFO;; is not
statistically significant for four of the six informativeness mea-
sures. It is positively significant for the AGE measure, but nega-
tively significant for the N_PIM measure. Overall, the results
indicate that for firms with moderate information environments,
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Fama-MacBeth regression of firm-specific return variation on information measure. This table reports Fama-MacBeth coefficients and Newey-West t-statistics (in parentheses)
from the following year-by-year cross-sectional regressions: FSRV;, = o + Zzzl/}d_tRGd_[ + 23:174_[(Rcd.r x RINFO;;) + &¢, subject to 23:1ﬁd.r =0, where FSRV;; is firm-specific
return variation for stock i and year t, and RG4, is a 0/1 dummy variable for one of three regions in the cross-section that is sorted by R_INFO; (RG4: first four deciles; RG: middle
two deciles; RG5: last four deciles). R_INFO; is the residual price informativeness measure from following regression: INFO;; = o, + B,SROE;; + y.MVE;; + &, where INFO;; is one of
our transformed price informativeness measures (see Table 1 for details) for stock i and year t. We estimate this regression with all stocks within the same NYSE size quintile.

Information measure Intercept Coefficient for DIFF
RG; RG, RG; RG; x R_INFO RG, x R_INFO RG; x R_INFO
N_PIN 0.770 0.003 0.009 -0.012 -0.168 0.001 0.157 -0.325
(19 years) (42.16) (1.09) (3.67) —(4.96) —(5.92) (0.02) (10.71) —(8.12)
N_PIM 0.815 0.030 -0.012 -0.019 -0.027 —0.025 0.021 —0.048
(22 years) (55.35) (15.65) —(5.57) —(8.48) —(7.54) —(2.03) (5.33) —(6.57)
N_ERR 0.771 0.003 0.006 —0.009 -0.011 -0.032 0.014 -0.025
(22 years) (44.37) (1.10) (2.79) —(3.21) —(3.00) —(1.72) (4.84) —(6.52)
N_DSP 0.764 0.010 0.008 -0.018 —0.006 0.002 0.036 —0.042
(22 years) (42.01) (4.91) (3.15) —(5.65) —(1.78) (0.16) (8.35) —(9.27)
AGE 0.794 0.029 —0.055 0.026 -0.091 1.437 0.415 -0.506
(22 years) (55.56) (4.87) —(4.67) (2.19) —(4.45) (4.14) (3.31) —(4.07)
10 0.797 0.025 —0.021 —0.004 —0.027 -0.014 0.062 —0.089
(22 years) (52.37) (8.69) —(6.59) —(1.10) —(10.35) —(0.87) (14.37) —(14.75)
Table 3 there is no obvious relation between the amount of information in

F-tests from the year-by-year cross-sectional regressions. This table reports p-values
of the F-tests for the hypothesis that y;, is equal to y3,. in Eq. (17). As in Table 2, we
report results based on residual information measures. These F-tests use the
heteroscedasticity-consistent covariance matrix. Residual information measure is
from Eq. (16) using all stocks within the same NYSE size quintile.

Year Information measure

N_PIN N_PIM N_ERR N_DSP AGE N_SPRD
1983 (0.001) (0.001) (0.791) (0.147) (0.000) (0.000)
1984 (0.000) (0.000) (0.627) (0.000) (0.005) (0.000)
1985 (0.000) (0.000) (0.404) (0.172) (0.000) (0.000)
1986 (0.000) (0.000) (0.021) (0.016) (0.000) (0.000)
1987 (0.000) (0.000) (0.000) (0.006) (0.000) (0.000)
1988 (0.000) (0.000) (0.679) (0.000) (0.000) (0.000)
1989 (0.000) (0.000) (0.006) (0.000) (0.000) (0.000)
1990 (0.000) (0.000) (0.195) (0.003) (0.002) (0.000)
1991 (0.000) (0.000) (0.010) (0.451) (0.536) (0.000)
1992 (0.000) (0.000) (0.208) (0.178) (0.018) (0.000)
1993 (0.000) (0.001) (0.463) (0.787) (0.749) (0.000)
1994 (0.000) (0.039) (0.001) (0.001) (0.639) (0.000)
1995 (0.000) (0.158) (0.000) (0.000) (0.003) (0.000)
1996 (0.000) (0.000) (0.545) (0.000) (0.006) (0.000)
1997 (0.186) (0.005) (0.002) (0.000) (0.000) (0.000)
1998 (0.000) (0.000) (0.111) (0.120) (0.000) (0.000)
1999 (0.017) (0.000) (0.019) (0.064) (0.000) (0.000)
2000 (0.157) (0.199) (0.189) (0.003) (0.081) (0.000)
2001 (0.000) (0.000) (0.000) (0.003) (0.077) (0.000)
2002 (0.000) (0.001) (0.000) (0.000) (0.000)
2003 (0.000) (0.005) (0.000) (0.000) (0.000)
2004 (0.000) (0.510) (0.001) (0.000) (0.000)

Table 4

the stock price and FSRV. Finally, the average coefficient on the
interaction term between RGs; and R_INFO;, V3 is positive and
statistically significant for all six informativeness measures. This
suggests that for firms with good information environments, more
information in the stock price leads to greater FSRV.

The last column, DIFF, reports the average difference between
71 and y3,, along with its Newey-West t-statistic. The difference
is statistically significant at the 1% level for all six informativeness
measures, which we interpret as evidence that information in the
stock price affects FSRV differently depending on the information
environments of the stock.

As another look at the difference between 7y, and y5, Table 3
reports the p-value of the year-by-year F-test for the null hypoth-
esis that y;, is equal to y3,. We reject this null hypothesis in most
of the sample years. For example, if we use N_PIN as an informa-
tiveness measure, out of the 19 years for which PIN is available,
we reject the hypothesis at the 1% level in 16 years and at the 5%
level in 17 years. This shows that the U-shaped relationship is
present fairly consistently over time. The informativeness measure
that offers the weakest rejection of the null hypothesis is the one
from the analyst forecast errors (N_ERR). With this measure, we re-
ject the null hypothesis at the 5% level in 12 out of the 22 sample
years. This is probably due to that fact that the sample for this
informativeness measure (N_ERR) is limited to firms in the IBES
database, which have a relatively good information environment.
Similar (but better relative to results based on N_ERR) results with

Fama-MacBeth regression results without truncating extreme values. This table reports Fama-MacBeth coefficients and Newey-West t-statistics (in parentheses) for Eq. (17) -
the same specification as Table 2. Results in this table are based on a dataset where extreme values are not truncated.

Information measure Intercept Coefficient for DIFF
RG, RG, RG3 RG; x R_INFO RG, x R_INFO RG3 x R_INFO

N_PIN 0.770 0.004 0.008 -0.012 —-0.165 -0.018 0.157 -0.322
(19 years) (42.34) (1.30) (2.89) —(4.94) —(5.82) —(0.22) (10.51) —(8.02)
N_PIM 0.816 0.030 -0.012 -0.018 -0.027 -0.023 0.020 —0.047
(22 years) (55.75) (15.11) —(6.21) —(8.64) —(7.66) —(1.67) (5.38) —(6.68)
N_ERR 0.771 0.000 0.008 —-0.008 -0.013 -0.015 0.013 —-0.026
(22 years) (44.33) (0.04) (4.27) —(2.72) —(4.12) —(0.76) (4.05) —(6.69)
N_DSP 0.769 0.007 0.004 —-0.010 —0.007 0.009 0.022 -0.028
(22 years) (42.40) (2.01) (1.57) —(2.90) —(2.06) (0.87) (14.50) —(7.22)
AGE 0.797 0.027 —0.054 0.027 —0.089 1.361 0.371 -0.461
(22 years) (55.54) (4.35) —(4.90) (2.33) —(4.42) (4.43) (3.16) —(3.95)
10 0.799 0.024 —0.021 —-0.003 —-0.027 —-0.022 0.061 —-0.088
(22 years) (53.69) (9.55) —(7.28) —(0.92) —(10.38) —(1.51) (14.86) —(14.72)
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Fama-MacBeth regression results with alternative measure of volatility of profitability. This table reports Fama-MacBeth coefficients and Newey-West t-statistics (in
parentheses) for Eq. (17) - the same specification as Table 2. Results in this table are based on an alternative measure of volatility of corporate profitability (i.e., squared root of
errors from a regression of the annual return on equity on its 1-year lagged value, estimated over the sample period).

Information measure Intercept Coefficient for DIFF
RG, RG, RG; RG; x R_LINFO RG> x R_INFO RG3 x R_INFO
N_PIN 0.769 0.004 0.007 -0.011 —0.168 —-0.029 0.155 -0.323
(19 years) (42.24) (1.27) (2.53) —(4.15) —(5.88) —(0.32) (10.13) —(7.92)
N_PIM 0.815 0.031 -0.013 -0.018 -0.027 -0.012 0.020 —-0.047
(22 years) (55.59) (16.00) —(6.92) —(8.48) —(7.79) —(1.06) (5.39) —(6.81)
N_ERR 0.772 0.004 0.007 -0.011 —-0.010 0.012 0.015 —-0.025
(22 years) (44.75) (1.26) (3.64) —(4.11) —(2.46) (0.48) (5.01) —(5.74)
N_DSP 0.763 0.010 0.008 -0.019 —0.006 0.000 0.037 —-0.043
(22 years) (42.00) (3.90) (3.57) —(5.68) —(1.85) (0.04) (8.89) —(9.45)
AGE 0.783 0.042 —0.059 0.017 —0.081 1.735 0.575 —0.656
(22 years) (49.10) (6.83) —(5.57) (1.56) —(3.98) (6.00) (5.05) —(5.57)
10 0.798 0.023 -0.019 —0.004 -0.028 -0.027 0.061 —-0.089
(22 years) (53.78) (8.96) —(6.08) —(1.00) —(10.54) —(1.81) (15.21) —(15.28)
Table 6

Fama-MacBeth regression results with residual information measures obtained from one single cross-sectional regression each year. This table reports Fama-MacBeth
coefficients and Newey-West t-statistics (in parentheses) for Eq. (17) - the same specification as Table 2. Results in this table are based on the residual information measures that
are obtained from a single cross-sectional regression (instead of five regressions in each size quintile) each year.

Information measure Intercept Coefficient for DIFF
RG; RG, RG3 RG; x R_INFO RG> x R_INFO RG3 x R_INFO
N_PIN 0.772 0.007 0.009 —-0.016 -0.145 —-0.032 0.138 —-0.283
(19 years) (42.98) (1.89) (3.58) —(5.05) —(5.40) —(0.42) (11.95) —(8.19)
N_PIM 0.824 0.028 —-0.001 —-0.028 -0.018 —-0.052 0.013 —-0.031
(22 years) (57.36) (8.37) —(0.39) —(6.95) —(5.11) —(4.73) (2.86) —(4.05)
N_ERR 0.772 0.006 0.005 —-0.011 —0.009 -0.015 0.015 —-0.024
(22 years) (44.13) (1.76) (2.60) —(3.81) —(2.38) —(1.13) (4.55) —(6.19)
N_DSP 0.765 0.007 0.008 -0.015 —-0.007 0.002 0.032 —-0.039
(22 years) (41.53) (3.81) (2.98) —(4.99) —(2.00) (0.14) (7.90) —(8.13)
AGE 0.795 0.043 0.025 —0.068 —-0.044 -0.332 1.202 —1.245
(22 years) (46.39) (6.83) (2.00) —(4.38) —(2.31) —(1.13) (5.59) —(5.80)
10 0.803 -0.018 0.001 0.017 -0.028 0.053 0.038 —0.066
(22 years) (54.31) —(7.13) (0.27) (4.09) —(11.29) (3.46) (11.20) —(12.73)
Table 7

Fama-MacBeth regression results with scaled information measures. This table reports Fama-MacBeth coefficients and Newey-West t-statistics (in parentheses) for Eq. (17) - the
same specification as Table 2. Results in this table are based on the scaled residual information measure that ranges from —0.5 to 0.5 (see, e.g., Mendenhall, 2004). Specifically, we
first determine the percentile ranking from 0 to 99 in a given sample year, and deduct 49.5 from the ranking value and then divide by 99.

Information measure Intercept Coefficient for DIFF
RGy RG, RG; RGy x R_LINFO RG, x R_LINFO RG; x R_INFO

N_PIN 0.753 —0.004 0.025 -0.021 -0.199 0.008 0.197 —0.396
(19 years) (38.27) —(1.32) (6.61) —(7.56) —(7.20) (0.20) (8.13) —(8.35)
N_PIM 0.793 0.005 0.008 -0.014 —-0.250 —-0.062 0.128 -0.378
(22 years) (45.83) (1.56) (2.21) —(4.62) —(9.01) —(2.18) (4.96) —(7.39)
N_ERR 0.771 0.000 0.008 —0.007 —-0.056 —-0.064 0.049 —-0.105
(22 years) (43.81) —(0.01) (2.96) —(2.00) —(2.60) —(2.16) (2.86) —(4.63)
N_DSP 0.760 0.003 0.012 —-0.016 —-0.055 0.003 0.128 -0.182
(22 years) (40.46) (0.95) (5.14) —(5.16) —(2.11) (0.11) (6.57) —(6.39)
AGE 0.802 —-0.025 —0.002 0.027 -0.190 0.345 0.097 —0.286
(22 years) (55.36) —(2.49) —(0.33) (3.00) —(4.91) (4.36) (4.72) —(6.81)
10 0.747 —0.002 0.027 —0.024 -0.354 -0.021 0.436 —0.790
(22 years) (38.97) —(0.60) (8.17) —(7.70) —(10.28) —(0.80) (13.46) —(12.14)

N_DSP further confirm this conjecture, since N_DSP is also calcu-

lated using the IBES database.

4.2.3. Robustness check

In this section, we conduct a variety of robustness checks to as-
sure that our earlier results, the U-shaped relation between price
informativeness and FSRV, are robust.

First, we report results based on an untruncated dataset (recall
that thus far we have treated the observation as missing if SROE,

N_ERR, or N_DSP is either below the 1st percentile or above the
99th percentile in a certain year). Table 4 reports results when
we keep all those extreme values. The results are virtually identi-
cal: for all six informativeness measures, the average value of y;,
is negative and significant, the average value of 75, is positive
and significant, and the difference between y;, and ys, is statisti-
cally significant.

In Tables 2 and 3, we used SROE, the standard deviation of the
firm’s return on equity over the sample period, as a measure of
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Fama-MacBeth regression results with more variables controlled for. This table reports Fama-MacBeth coefficients and Newey-West t-statistics (in parentheses) for Eq. (17) -
the specification for Table 2 with slight modifications. Results in this table are based on an alternative specification for Eq. (17) where sector dummies, the number of segments
within the firm, leverage ratio, and dividend payment dummy are included as control variables.

Information measure Intercept Coefficient for DIFF
RG; RG, RG3 RGy x R_LINFO RG, x R_INFO RG3 x R_INFO
N_PIN 0.890 0.004 0.008 -0.012 —-0.149 —-0.034 0.126 -0.276
(19 years) (37.76) (1.63) (3.96) —(6.04) —(6.13) —(0.46) (12.46) —(8.57)
N_PIM 0.910 0.025 —-0.007 -0.018 -0.025 —-0.029 0.009 —-0.034
(22 years) (47.24) (18.34) —(4.67) —(9.54) —(8.05) —(2.76) (2.34) —(5.25)
N_ERR 0.886 0.004 0.005 —0.009 -0.012 —-0.031 0.011 -0.022
(22 years) (35.64) (1.33) (3.07) —(3.34) —(3.64) —(1.54) (3.07) —(4.58)
N_DSP 0.870 0.011 0.006 -0.017 —-0.003 —0.006 0.025 —-0.028
(22 years) (34.28) (6.20) (2.17) —(6.19) —(1.22) —(0.47) (6.87) —(6.79)
AGE 0.893 0.015 —0.041 0.026 —-0.076 1.220 0.388 —0.464
(22 years) (46.28) (2.92) —(4.70) (2.36) —(5.18) (4.72) (2.77) —(3.28)
10 0.885 0.022 -0.014 —-0.008 -0.022 -0.021 0.052 -0.075
(22 years) (44.67) (8.85) —(4.74) —(2.40) —(9.30) —(1.31) (13.12) —(12.85)
Table 9

Fama-MacBeth regression results with FSRV estimated using the market model with four lagged market and industry returns. This table reports Fama-MacBeth coefficients and
Newey-West t-statistics (in parentheses) for Eq. (17) - the same specification as Table 2. Results in this table are based on firm-specific return variation that is obtained from a
modified Eq. (15) where four lagged market returns and four lagged industry returns are included, as well as the contemporaneous market and industry returns.

Information measure Intercept Coefficient for DIFF
RG, RG, RG; RG; x R_INFO RG, x R_INFO RG5 x R_INFO
N_PIN 0.636 0.001 0.008 —0.009 -0.134 0.032 0.121 —-0.255
(19 years) (39.12) (0.49) (3.50) —(3.98) —(5.86) (0.41) (8.55) —(7.40)
N_PIM 0.672 0.025 —0.010 —-0.015 —0.022 —0.023 0.018 —0.040
(22 years) (50.28) (15.29) —(5.36) —(9.04) —(7.30) —(2.02) (5.19) —(6.54)
N_ERR 0.636 0.002 0.006 —0.008 —0.009 —-0.029 0.013 —-0.022
(22 years) (41.37) (0.81) (3.62) —(3.13) —(3.12) —(1.67) (4.62) —(6.65)
N_DSP 0.629 0.007 0.009 -0.016 —0.006 —-0.002 0.030 —-0.036
(22 years) (39.32) (4.40) (3.44) —(5.74) —(1.95) —(0.18) (7.03) —(7.81)
AGE 0.653 0.025 —0.046 0.021 —-0.071 1.207 0.360 —-0.431
(22 years) (51.67) (5.36) —(4.52) (2.02) —(4.15) (4.12) (3.36) —(4.10)
10 0.657 0.021 -0.017 —-0.004 -0.023 —-0.007 0.053 -0.075
(22 years) (47.41) (8.88) —(5.74) —(1.18) —(10.28) —(0.53) (14.29) —(14.85)
Table 10

Fama-MacBeth regression results with alternative residual information measures. This table reports Fama-MacBeth coefficients and Newey-West t-statistics (in parentheses) for
Eq. (17) - the same specification as Table 2. Results in this table are based on alternative residual information measures that are obtained by regressing each of them on earnings

volatility alone (within the same size quintile).

Information measure Intercept Coefficient for DIFF
RG; RG, RG; RG; x R_INFO RG, x R_INFO RG; x R_INFO

N_PIN 0.772 0.000 0.007 -0.007 -0.173 —0.098 0.098 -0.270
(19 years) (42.86) (0.06) (3.48) —(1.73) —(7.53) —(1.52) (7.80) —(9.85)
N_PIM 0.807 0.025 —0.004 —-0.022 —-0.032 —-0.028 0.016 —0.048
(22 years) (52.32) (12.89) —(1.46) —(9.28) —(8.61) —(4.42) (7.72) —(9.47)
N_ERR 0.771 0.002 0.007 —-0.009 -0.013 0.007 0.012 -0.025
(22 years) (44.16) (0.81) (4.30) —(3.25) —(3.91) (0.56) (4.01) —(6.51)
N_DSP 0.764 0.009 0.008 —-0.017 —0.008 0.007 0.031 —0.039
(22 years) (41.67) (4.05) (2.59) —(5.47) —(2.43) (0.43) (6.40) —(7.45)
AGE 0.792 0.031 -0.053 0.022 —-0.084 1.329 0.482 —-0.566
(22 years) (57.11) (4.16) —(3.53) (1.57) —(3.77) (3.12) (3.37) —(4.04)
10 0.801 0.019 —0.039 0.021 —-0.027 0.011 0.032 —0.059
(22 years) (53.17) (7.09) —(5.91) (3.85) —(10.19) (0.45) (7.48) —(9.76)

the volatility of corporate profitability. In Table 5, we obtain our re-
sults using RROE, namely, the mean squared error from a regres-
sion of the firm’s return on equity on its 1-year lag over the
sample period, as a measure of the volatility of profitability. The re-
sults are also qualitatively the same as those in Table 2.

So far, we have calculated the residual informativeness mea-
sures by estimating Eq. (16) within the same NYSE size quintile

in each year. In Table 6, we report results when we calculate the
residual informativeness measures by estimating Eq. (16) with all
sample firms in each year. Again, the results are qualitatively the
same as those in Table 2.

In Table 7, we report results when we scale the residual infor-
mativeness variables into a variable ranging from —0.5 to 0.5
(see, e.g., Mendenhall, 2004). It is basically a percentile ranking



1576

idiosyncratic

D.W. Lee, M.H. Liu/Journal of Banking & Finance 35 (2011) 1563-1580

using N_PIN

idiosyncratic

using 10

volatility
0.10

0.09

0.08

0.07

0.06

0.05

0.04 T T T T T T T T T
least d2 d3 d4 ds  dé d7  d8 d9

info info

idiosyncratic using N_ERR

volatility
0.10

0.09 4

0.08

0.07 4

0.06 4

0.05 4

0.04 T T T T T T T T T
least d2 d3 d4 ds d6 d7 ds d9 mos t

info info

idiosyncratic using N_PIM

volatility

0.10

0.09 4

0.06 4

least d2 d3 d4 ds d6 da7 dg d9 mos t

info info

volatility

0.10

0.06

0.04 T T T T T T T T T
least d2 d3 d4 ds d6 d7 dg do mos t

info info

idiosyncratic using N_DSP

volatility

0.10

0.08 4

0.07 4

0.04 T T T T T T T T T

least d2 d3 d4 ds d6 d7 ds d9 mos t

info info

idiosyncratic using AGE

volatility

0.10

0.08 4

0.06 4 . .

0.05 4

0.04 T T T T T T T T T

least d2 d3 d4 ds d6 d7 ds d9 mos t

info info

Fig. 6. Absolute measure of idiosyncratic volatility and price informativeness - after controlling for volatility of profitability and firm size. The above figures are a plot the
absolute idiosyncratic volatility (i.e., absolute FSRV) against the residual price informativeness measure. Absolute idiosyncratic volatility is the mean root squared errors of
the market model (Eq. (15)). Residual value is obtained from a year-by-year cross-sectional regression on earnings volatility and firm size within the same size quintile. Firm
size is the market capitalization as of the end of the previous year and volatility of profitability is the time-series standard deviation of the return on equity over the sample

years.

from 0 to 99 in a given sample year; we deduct 49.5 from the rank-
ing value and then divide by 99, so that it ranges from —0.5 to 0.5.
This addresses two potential problem of the original approach.
First, it mitigates the outlier problem. Second, since the residual
variables now ranges from —0.5 and 0.5, the coefficient can be
interpreted as the change in FSRV when the residual measure

changes from the lowest percentile to the highest percentile. Re-
sults are consistent with those in Table 2.

We further control for other factors which may affect FSRV,
such as industry sectors, the number of segments in the firm, lever-
age, and dividends. Specifically, we include in Eq. (17) 14 industry
sector dummies, the natural log of the number of segments, a
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Table 11

Fama-MacBeth regression results with alternative residual information measures. This table reports Fama-MacBeth coefficients and Newey-West t-statistics (in parentheses) for
Eq. (17) - the same specification as Table 2. Results in this table are based on alternative residual information measures that are obtained by regressing each of the six price

informativeness measures on firm size within the earnings volatility quintile.

Information measure Intercept Coefficient for DIFF
RG, RG, RGs RG; x R_INFO RG, x R_LINFO RG5 x R_INFO
N_PIN 0.772 0.006 0.011 -0.017 —-0.145 0.007 0.145 —-0.290
(19 years) (42.68) (1.61) (4.97) —(4.60) —(5.45) (0.10) (11.05) —(8.06)
N_PIM 0.824 0.027 0.001 —-0.028 -0.019 -0.051 0.015 -0.033
(22 years) (57.08) (8.56) (0.87) —(8.20) —(5.70) —(5.44) (3.33) —(4.62)
N_ERR 0.771 0.003 0.008 —0.010 —-0.012 0.002 0.015 —0.028
(22 years) (44.03) (0.84) (4.76) —(4.36) —(3.30) (0.18) (4.97) —(6.93)
N_DSP 0.764 0.010 0.009 -0.019 —-0.007 0.012 0.035 —-0.042
(22 years) (41.23) (3.78) (3.42) —(6.06) —(1.90) (0.85) (8.00) —(7.91)
AGE 0.800 0.032 -0.014 —-0.018 —0.062 0.422 0.713 -0.775
(22 years) (48.89) (5.00) —(1.19) —(1.21) —(3.37) (1.63) (3.40) —(3.65)
10 0.801 -0.012 0.001 0.011 -0.029 0.046 0.044 -0.073
(22 years) (54.05) —(5.87) (0.29) (3.06) —(11.19) (3.65) (12.17) —(12.90)
Table 12

Fama-MacBeth regression results with FSRV estimated using the Fama-French 3-factor model. This table reports Fama-MacBeth coefficients and Newey-West t-statistics (in
parentheses) for Eq. (17) - the same specification as Table 2. Results in this table are based on firm-specific return variation that is obtained from the Fama-French 3-factor model.

Information measure Intercept Coefficient for DIFF
RG, RG, RG; RG; x R_INFO RG, x R_INFO RGs3 x R_INFO

N_PIN 0.763 0.002 0.008 -0.011 -0.143 0.026 0.131 -0.273
(19 years) (39.35) (1.05) (3.84) —(4.65) —(7.01) (0.38) (9.50) —(8.90)
N_PIM 0.802 0.022 —0.009 —-0.012 —0.028 —-0.023 0.012 —0.040
(22 years) (53.32) (10.38) —(4.76) —(6.19) —(8.28) —(3.28) (2.63) —(5.31)
N_ERR 0.759 0.003 0.005 —0.009 -0.015 —-0.026 0.009 -0.024
(22 years) (44.31) (1.36) (4.08) —(3.15) —(6.07) —(1.48) (3.52) —(9.77)
N_DSP 0.753 0.014 0.006 -0.019 -0.013 —0.016 0.027 —0.040
(22 years) (43.13) (7.78) (2.44) —(7.04) —(3.51) —(1.45) (6.48) —(11.80)
AGE 0.789 0.020 —-0.043 0.023 —0.064 1.095 0.244 —-0.308
(22 years) (53.72) (4.24) —(4.49) (2.80) —(3.57) (3.76) (3.47) —(3.99)
10 0.784 0.024 -0.014 —0.009 -0.026 -0.018 0.056 —-0.082
(22 years) (51.14) (7.63) —(6.10) —(2.60) —(10.66) —(1.32) (13.29) —(13.92)

dummy variable for firms who pay dividends during the year, and
the leverage ratio.'® Results are reported in Table 8. The results are
qualitatively the same as those in Table 2.

Table 9 reports results based on an alternative specification for
Eq. (15), the regression for FSRV estimation. Specifically, to esti-
mate FSRV, we use four lagged market portfolio returns and four
lagged industry portfolio returns, as well as their contemporaneous
returns. Results are consistent with those in Table 2.

Our definition of the residual informativeness measure has been
the residual from the regression of the raw informativeness mea-
sures on the volatility of corporate profitability and firm size. This
robustness check, reported in Table 10, shows that even if we con-
trol for the volatility of profitability alone in calculating residual
informativeness measures, the results still hold.

So far, we have been using the relative FSRV measure. Using rel-
ative FSRV is more appropriate since some businesses can be more
susceptible to systematic shocks than others, and firm-specific
events in these firms can be accordingly more intense. In other
words, using relative FSRV helps control for such environmental
volatility. As a robustness check, we see if our results hold if
we use absolute FSRV instead. Fig. 6 shows that results based on
the absolute measure are broadly consistent with those based on
the relative measure.

16 The 14 industry sector dummies are based on 2-digit SIC codes. Specifically,
sector 1 between 1 and 9; sector 2 between 10 and 14; sector 3 between 15 and 19;
sector 4 between 20 and 21; sector 5 between 22 and 23; sector 6 between 24 and 27;
sector 7 between 28 and 32; sector 8 between 33 and 34; sector 9 between 35 and 39;
sector 10 between 40 and 48; sector 11 between 50 and 52; sector 12 between 53 and
59; sector 13 between 70 and 79; and sector 14 between 80 and higher.

In Table 2, we calculate the residual informativeness measures
by estimating Eq. (16) within the same NYSE size quintile each
year. In Table 11, we report results when we calculate the residual
informativeness measures by regressing INFO;, on MVE; and a con-
stant in each SORE quintile each year. The results are qualitatively
the same as those in Table 2.!7

Most studies examining the relation between idiosyncratic vol-
atility and expected stock returns define idiosyncratic volatility
slightly differently. They use the Fama and French (1993) three-
factor model instead of CAPM. In Table 12, we report results when
we calculate FSRV by using Fama and French (1993) three factors
instead of the market and industry returns in Eq. (15). We obtain
results similar to those in Table 2.

5. Conclusion

Many recent studies use idiosyncratic return volatility as a mea-
sure of how much information is incorporated into the stock price.
Alarmingly, while some studies use higher idiosyncratic volatility
as a measure of more informative prices, others assume that higher
idiosyncratic volatility means less price informativeness. Empirical
evidence regarding the information content of idiosyncratic volatil-
ity is also mixed. A growing body of research shows that firms with
more informative stock prices have higher idiosyncratic volatility
(Morck et al., 2000). Another strand of studies find exactly the

17 If we instead calculate the residual informativeness measures by regressing INFO;
on MVE;,, SORE;,, and a constant in each SORE quintile each year, the results are close
to identical to those in Table 11. These results are available upon request to interested
readers.
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opposite (e.g., Kelly, 2005). Understanding the true relation be-
tween price informativeness and idiosyncratic volatility is impor-
tant, given that an increasing number of studies use idiosyncratic
volatility as a measure of price informativeness or information
asymmetry. Further, understanding the true information content
of idiosyncratic volatility is important for practitioners and policy
makers as well.

This paper makes an attempt in this direction. We investigate the
relation between price informativeness and idiosyncratic price vol-
atility in a multi-asset, multi-period noisy rational expectations
equilibrium. Idiosyncratic return volatility is decomposed into two
parts: (1) the part caused by noise, and (2) the part caused by infor-
mation regarding the firm’s fundamental value. We show that
the first component decreases with price informativeness, while
the second component first decreases and then increases with price
informativeness. Our main results are as follows. First, there exist no
parameter values such that idiosyncratic return volatility increases
monotonically with price informativeness. Second, there exist
parameter values such that the relation between price informative-
ness and idiosyncratic return volatility is U-shaped. Finally, there
exist parameter values such that idiosyncratic return volatility
decreases monotonically with price informativeness. Using several
price informativeness measures, we empirically document a
U-shaped relation between price informativeness and idiosyncratic
return volatility. Our study therefore reconciles the opposing views
expressed in the following two strands of literature: (1) the growing
body of research showing that firms with more informative stock
prices have greater idiosyncratic return volatility (e.g., Morck
et al., 2000; Jin and Myers, 2006), and (2) the studies arguing that
more information in price reduces idiosyncratic return volatility
(West, 1988; Kelly, 2005).
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Appendix A. Proofs of propositions and corollaries

Proof of proposition 1. The information production and portfolio
choice problem of investor j is

max  Erq [—e’“er \Q"H} (A1)
Xr
st Wh=Bp, + P (X —XG) = (B )/C+ux],

Since WjT is normally distributed and the utility function is negative
exponential, it is well-known that the solution to the investor’s
portfolio choice problem is

X, = L Var(ui) )] [Era(ul ) - Pra). (A2

Ta

Given that the fundamental values of and the noisy demands for the
N + 1 stocks are independent of each other, we have

T—1 )
. Un + > Myp + Onr ifh, =1
Er 1 (un|Q) ) = -

T-1 )
Un + 3 Mg + Era (1 glPar-1) if I]n,T—l =0,
=1
(A3)

and Var(u\Q’H) isan (N+1) x (N + 1) diagonal variance-covariance
matrix with the (n,n)" element as

. a2 ifP. =1
Var(u| Q) _,) = { o oo (A.4)
Varr_4 (nn‘T‘PH.T—l) if IJn.Tfl =0,

where P,r_1 is independent of each other across the stocks, as we
will show later. Plugging Eqgs. (A.3) and (A.4) in Eq. (A.2) yields

_ T-1
Unty ) Mgt Onr—Pra

i ac?, if Fupy =1
Xt =9 (A.5)

Ut e tEra OplPar1) =Py FE. —0

avarr_y (M rPnr-1) nT-1 — Y-

The value of X}, when F,; , =1 is the demand for stock nwhen
investor j produces information about stock n, while the value of
X! . when P, | =0 is the demand for stock n when the investor
is uninformed about 0, 7. From Eq. (A.5), we know that for the frac-
tion p, 1 of investors who produce information and observe the

T-1
. . Upt+ +0p1—P:
value 0,1, their demand for stock n is % and for

the fraction 1 — w,r_; of investors who do not observe the value
. . E 1 |Pn. -P, . ..
0,1, their demand is W The market clearing condition

for stock n is therefore

- T-1

Un + 33 Mg + Onr — Pra
ac?,

ET_l(un|Pn,T—1) —Pnr1
avary_q (Un|Py1-1)

Hn1q

+ (1 - :un.Tfl) +2Znt = Y- (AG)
That is, the total demand for stock n from informed investors, UDTs,
and liquidity traders equals the total physical supply of the stock. If
we rearrange Eq. (A.6), we have

1-4 Er1 (talPag-1) = P
— 1, — N + P — nT-1 2 T-1\Yn|"'nT-1 nT-1
" ; ’/’ ! e :u’n,T—l en VarT—l (un |Pn,T71)

2 2
aO—F.ﬂ aO-F.Tl

Yo = +——
Hnrq nT-1

+

Zy1. (A7)

UDTs observe everything at the left side of the above equation,
which is a noisy signal of the private information held by informed
traders, 0,,1. We define the left side of Eq. (A.7) as S(Pnr_1), which is
the set of information that is revealed to the UDTs by the price,
P, 1_1. If the beliefs of UDTs are consistent, we have

Er_1(un|Pnr-1) = Er—1(Ua|S(Pn1-1)) (A.8)
and
Varr_y (un|Pur-1) = Varr_; (uy|S(Pnr-1)). (A9)

Using the properties of conditional normal distributions, we can
show that

2 2
Hn1_q O-H.n(unfr—l Ont + ao—e‘nzﬂ-,T)

T-1
Er 1 (Un|Prr1) =l + Y My +

2 2 2 g4 2
t=1 lun,T—la(),n +a O-e.naz.n
(A10)
and
2 24 2
g, a°0;. 0
Varr 1 (Un|Par 1) = 02, + ——— 20 (A11)
- (al €n 2 2 2 74 2 .
:un.T—l Jo‘n +a O-e.no-z,n

Plugging Eqs. (A.10) and (A.11) into Eq. (A.7), we obtain the equilib-
rium market price of stock n in Eq. (9), where

(1- ftyy )@02,0%

zZn-en

T2 2 202 g4 2 2 52 2
Mn,T—]O-H.n+a 07,0 +a :un.T—lo-z.nae.nae,n

zn-en

0o _
Opr_q =1

(A12)

and
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2 2 242 g2 2 2
aae,n [:un,T—l 60.11 +da aznaen(g(l.n + ae.n)]
2 2 202 g4 2 2 72 52
:u“n.T—l aﬂ‘n +a O-z‘n O-E.n +a :un,T—l O-z.no-ﬂ.no-e‘n

z  _
Ty =

O (A13)

Proof of proposition 2. We start with time t=T - 2. Define
Jr_1(Br_1.Xn1_1) as the expected payoff to an agent who has a port-
folio of (Br_1,Xnr_1) and observed price Pr_; and a set of private sig-
nals Sr_1.'® Since we have proved that UDTs will be indifferent
between producing information and not-producing information on
each stock, and the information production decisions are indepen-
dent of each other, we can assume the agent chooses to produce
information on all the N + 1 stocks without loss of generality.

Jroa(Bro1, Xar1) = max Er[-e ™T|Qr 4]
N+1 N+1 N+1
E [7efa(31,1 +HZ; Por1 (Xn-1 *Xn.T)*”Z; Cn+n; Un7Xn ) ] (A14)
Net ! )
_ 7e*a(BT71+nZ;{Pn.T4 <xm—xnr)—cn+<un+;r7n_[+0n.1>xnT—O-Saxn.rm> (A15)

The last equality follows Egs. (A.3) and (A.4) when I,y {=1.
Therefore, the objective of the investor at time T — 2 is

max Era[Jr1(Br-1,Xnr-1)|2r-2] (A.16)
N+1 N+1

s.t.:Bry =Br_ 2+2Pn72 nT-2 — Xn7-1) ZlnT 2Cn. (A7)
n=1

Or, equivalently,

it _ ,
max e 3+ Pt 2 Xar-2 Koz 1+ Er-2lPa 1Mo 1~0SaVarrofPas ﬂX,,,,mELZ -
] (A.18)
where
N1 -1
K= ; <*Pn.T71Xn,T —Inr—2Cy = Co + (Un + ;nm + On)Xn1 — 0~5‘1X§,T°'f> ).

FOC for X, leads to
—Py1-2 + Er_2[Pnr-1] — aVarr_[Ppr-1]Xn1-1 =0,
or equivalently

Er 3[Par-1] — Pur—2

Xnr-1 = aVarr_[Ppr_1]

For the fraction u,r_» of investors who produce information about

Un + Yt Mg + Onr-1 — Proa
ao?,
Er_o(Un|Prr—2) — Pur—2
avarr_;(un|Pnr-2)

Mot

(A19)

+ (= fyr ) +Znt-1 = Yn-

Following steps similar to Eqs. (A.8) through (A.11), we have

T-2
Ppro =1+ Z Mus + %1 20011 + %7 5(Znr1 = V), (A.20)
s=1
where
2,2 v2
Otﬂ ~-1- (1 B :un,sz)a az.nzn.'r—l
nT-2 — 2 )
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, aZn'T,l [ﬂnvrizagn + aZO-Z Zn T-1 (Zn T-1+ 0-5,1)}
an,T—Z = 2
Ko 205, + @02, X004 + @l p 502,05, Zn1- .
and
0 2,
Zr = (Ghr) O+ (@r ) 02, + 02, (A21)

It is straightforward to use backward induction to show that

Ji(Be; Xne) = (A22)
N+1
~a(Be+ Y { Pt (Xine—Xn01)+Et [Pr 21X 1 -0.5aVare [P 1] m}
max —e n=1 _2 [e—al(m}
Xr+1
(A.23)
where
N+1
Ke = Z(*Pn,tﬂxn,wz —ICh) + Ko
n=1
and the stock price at time t is given by Egs. (10),
1- a? a 2
ne=1-—— i ; e nl : (A24)
: HntOgn +a o7 nzn t+1 +a :un.taz‘na(l‘nznvfﬂ
z _ X1 [ﬂn[agn + aZO-Z pzngt (Znet + 0’3")] (A25)
" ,l,l%‘tO' + a202 22 ner1 T a? Uy, taz nGO nzﬂ Hl
and
o1 = (0 t+1) O+ (0, t+1) 0L, + 02, U (A.26)

Proof of proposition 3

(i) The derivative of V™° (r;“) with respect to pu,, isSince

2 2 2 2 2 2 2 2
W eOhn + (zlun,t - ])a Gz‘nzn‘tﬂ +a :u’n,taz‘ng(),nzmwl

2 2
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My

. T-2
Unt Y MnatOnr1—Pro
2
aa( n

stock n, their demand for stock n is , and for the

fraction 1 — u, 1> of investors who do not observe the value 60,14,
their demand is Z220nr-2) -2 The market clearing condition for

aVary_ (un|Pp1-2)

stock n is therefore

8 We drop the subscript j since all investors with the same portfolio (Br_1,Xp.1—1)
will have the same expected payoff.

3
2 2 2 2 2
[:un.to- +a znzn 1 T @ :un.taz.na(),nz”vfﬂ]

for all
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o 2 2
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(i) Since cxfl)t > 0, we have
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Proof of proposition 4. We have
Vare(u,) = (T — t)(O’é + 63),

and
2
(o5,) 07

o? + ).
(o,)*0% + (0,)" 02 o

Var,(un|Pne) = 6% + G2
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Therefore,
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We have proved that i ‘> 0 and Oﬂ"‘ < 0. Therefore,

and o are positive, which means that

with u,, since both ocg_’t

¥, increases with i, ; i.e., f”’"" > 0. The result 22 < 0 follows di-

5]
‘”"‘>Oand <0, O

rectly from

Proof of proposition 5. The derivative of return volatility with
respect to p is

ovar(ry,,) 2a20'§,n0' 2,1 1
2 2 g2 o g2g2 32 U o2 23 ?
W5 e O + zn&nes1 T Ay 07,07 n&n e
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To prove that no parameter values exist such that o) > 0 forall

¥ .1, note that when g, =0,

n,t+1

2 2
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/
8Var(rn,t) 2a202 0(,,,2 152 g2 3
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4.2
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which is negative. By the chain rule, we have

ovar(r,,) _ovar(ry) 9%¥ne

a:un.t Ot a:Llnx 7
. v 0Varr ) var(ry, )
since 72 > 0 and when u,, =0, =< 0, we have —-2 < 0

When yn = 0. This proves part (i). To prove part (ii), note that when

”" 1s large enough, Var(r),,) is dominated by Varl”f"(

¢)» which has a
U shaped relation with i, as we have proved in Proposition 5. Sim-

ilarly, to prove part (iii), note that when a’z’" is small enough, Var(r),)

is dominated by Var“(r,
Har O

+)» which has a negative relation with

Proof of proposition 6. The proof follows directly from the law of
one price and the fact that a share of stock n € {1,2,...,N} in the
original economy is equivalent to a portfolio of one share of stock
n and B, shares of stock N+ 1 in the equivalent economy, and a
share of stock M in the original economy is equivalent to a share
of stock N + 1 in the equivalent economy. O

Proof of corollary 1. Following Eq. (14), we have
Varo(r;_[) = /}Var(rjm_t) + Var(ﬂu‘t)

for n=1,2,...,N. Since Var(r;w].t) is independent of ¥, the

relation between Var® ( ) and ¥, depends only on the relation

nt
between Var( m) and ¥ ,;, which is summarized in Proposition
5. 0
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