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Asset Pricing Theory with an Imprecise Information Set

Abstract

This paper provides a novel theoretical platform for the pricing of imprecise
accounting information as a systematic market risk. Our intertemporal asset pricing
model shows that systematic information-quality risk is priced through a distinct market
risk premium and three extra betas associated with an imprecise-information risk. Our
first information-quality beta is related to the covariance between market-wide imprecise-
information return error and security precise return. Together with the separate market
information-quality risk premium, this beta provides the theoretical underpinning for a
separate market information-quality factor in the spirit of empirical multiple-factor model
prevalent in the literature. The second extra beta (linked to the covariance between firm
and market-wide imprecise-information return errors), represents the commonality in
information quality, which is priced by investors seeking to curtail adverse effects of
imprecise accounting information on their portfolio value. Our third information-quality
beta (related to the covariance between stock imprecise-information return error and
overall market return), implies that — for hedging purposes — investors prefer to invest in
stocks issued by firms that tend to, erroneously or deliberately, release false positive
information about the firm when the market is bearish. Our model is strongly supported
by empirical evidence.



1. Introduction

Traditional asset-pricing models are based on the assumption that the financial
market is informationally efficient and that individuals are well informed (see for
example, Sharpe, 1964; Lintner 1965; Mossin, 1966; and Merton, 1973). However, there
is substantial evidence indicating that information releases are noisy (see for example,
Faust, Rogers, and Wright, 2000; Shapiro and Wicox, 1999; and Wang 1993). With an
imprecise information set, investors may face information-quality (information-
imprecision) risk. Ignoring this risk may lead to asset mispricing in traditional asset-
pricing models. This paper provides a theoretical platform for the pricing of imprecise
accounting information as a systematic market risk factor.

There is a growing body of literature that examines the pricing of different
manifestations of an imperfect information set, both theoretically and empirically. For
example, Easley and O’Hara (2004) derive a rational-expectations model under which
asset returns are affected by the information asymmetry between privately informed and
publically informed (uninformed) investors. This model implies that, while privately
informed investors adjust their portfolios based on the arrival of private information,
uninformed investors hold ex-ante underperforming portfolios. Therefore, uninformed
investors face systematic asymmetric information risk for which they demand a risk
premium. In addition, this model also implies that investors demand higher asset returns
for facing imprecise information. These theoretical predictions suggest that higher
accounting-information precision reduces the asset risk for uninformed investors, and
thus results in a lower cost of capital. Consequently, numerous studies empirically test
the relation between accounting-information precision and the cost of equity capital
and/or the cost of debt capital.

Francis , LaFont, Olsson, and Schipper (2004) and Botosan , Plumlee, and Xie
(2004) relate the cost of equity of a firm to the firm’s information quality. Consistent with
the prediction of Easley and O’Hara (2004) that information precision is non-
diversifiable, Francis et al. (2005) show that poorer market-wide accrual-quality factor as

! See for example, Francis LaFont, Olsson, and Schipper (2004, 2005), Botosan, Plumlee, and Xie (2004),
Aboody, Hughes.and Liu (2005), Liu and Wysocki (2006), Core et al. (2008), Ogneva (2008), and Kravet
and Shevlin (2010) for studies focusing on the cost of equity capital. As for studies looking at the cost of
debt capital, see Francis et al. (2005) Anderson et al. (2004), Graham et al. (2008), and Bhojraj and
Swaminathan (2007). For a survey of this line of literature see Dechow, Ge, and Schrand (2010).



a measure of an information-quality factor is associated with a larger cost of equity
capital. In other words, firms are exposed to information precision risk with a
significantly positive factor loading with respect to their market-wide information-quality
factor, after controlling for the Fama and French (1993) three factors.

A follow up study by Core, Guaya, and Verdi (2008) confirms that the time-series
regressions of stock returns on cotemporaneous factor returns used by Francis et al.
(2005) yield an average positive factor loading with respect to the market information-
quality factor. However, after running a cross-sectional regression of stock returns on the
estimated (time-series) information-quality factor loadings (while controlling for the
Fama and French three factor loadings), they show that investors do not demand a return
premium for this positive exposure to information imprecision. Stated differently,
information quality is not a priced market factor as implied by Easley and O’Hara (2004)
model.

More recent research challenges the conclusion of Core et al. (2008), and
demonstrates that information precision is priced under certain market conditions. Kravet
and Shevlin (2010) use the Fama and French (1993) three-factor model, augmented by
two information precision factors: a market innate accrual quality factor and market
discretionary component of accrual quality factor. Their findings indicate that during a
short period following accounting restatement, higher discretionary precision factor
loadings yield a higher cost of equity capital at the cross section of restatement firms. l.e.,
information precision risk is priced for restatement firms following the restatement
announcement. Moreover, they show that the discretionary component of information
risk is also priced at the cross section of firms in the same industries as the restatement
firms.

Ogneva (2008) claims that Core et al.’s (2008) rejection of information precision
as a priced market factor comes about because lower information-quality firms suffer
from negative future cash flow shocks which depress future returns. Overall, this may

offset the higher returns one would expect for low information-quality firms.? Her

2 When controlling for cash flow shocks in the Core et al.’s (2008) regression model, Ogneva (2008) finds
that stock returns become significantly and positively related to the information-quality factor loadings at
the cross section. She introduces an additional test, which replaces the standard accrual-quality measure of
Dechow and Dichev (2002) by a measure of accrual quality, scaled by the average of absolute accruals



findings indicate that, after properly controlling for the impact of accrual quality on
future cash-flow shocks, investors demand a return premium for a positive exposure
(factor loading) with respect to information imprecision. l.e., the information-quality risk
factor is priced.

While there is some empirical evidence that an information-precision factor is

systematic and priced, there is still lack of theoretical underpinning for its inclusion in an
asset-pricing model as a separate market factor. To the best of our knowledge, the only
two papers incorporating accounting-information precision in an asset-pricing model are
those of Lambert, Leuz, and Verrecchia (2007) and Lambert, Leuz, and Verrecchia
(2012).
The former paper is a pioneer theoretical study on the pricing of imprecise information,
and the latter presents the first model to show that imprecise accounting information
alters systematic risk and affects asset prices at the cross section. Note that, neither paper
provides a theoretical justification for the pricing of an information-quality factor
separate from the Capital Asset Pricing Model (CAPM) market factor. Our paper
complements this literature by providing a theoretical foundation for the pricing of
imprecise accounting information as a systematic market factor.

Of these two papers, our paper is most closely related to that of Lambert et al.
(2007) who derive a one-period CAPM-based model to study the effects of imprecise
accounting information on the cost of capital. In their model, lower precision of
accounting information about the firm’s future cash flow increases its conditional
covariance with market cash flows (or the firm’s conditional cash-flow beta) and
consequently increases the cost of equity. Therefore, the cross-sectional pricing of
information risk in the Lambert et al. (2007) model is manifested through the imprecise-

information induced measurement error in the estimation of the firm’s cash-flow beta. >

estimated over the previous five years. This new measure is less correlated with future cash flow shocks.
When she replaces the standard accrual-quality measure with her scaled measure in the Fama and MacBeth
(1973) procedure used by Core et al. (2008), she finds that the cost of equity capital is significantly and
positively related to her modified accrual-quality factor.

* In somewhat related finance literature on estimation risk, the source of information about a firm comes
from its historical time-series of returns (see for example, Barry and Brown, 1985; and Coles et al., 1995).
Lambert et al. (2007) note that the reliance in this literature on the time-series of returns as the source of
information affects a significant portion of the covariance structure. Different from their model, in this
stream of research “new information is correlated conditionally with contemporaneous observations and



Lambert et al. note that this result has strong implications for empirical asset-pricing
studies incorporating imprecise information. However, their model does not provide the
theoretical underpinning for an extra separate “information risk” factor in an asset-pricing
model. For this reason, they suggest that empirical research based on their theory should
be directed at the relation between information quality and their market beta.

The second paper addressing asset pricing with imprecise accounting information
is the model of Lambert et al. (2012). They derive a noisy rational-expectations model
and study the relation between information asymmetry and the cost of equity capital.
They show that with perfect competition, information asymmetry is not directly priced
but the firm’s cost of equity capital is still affected by the average precision of investors’
information. However, similar to the result of Lambert et al. (2007), Lambert et al. (2012)
conclude that the pricing effect of average precision does not justify a separate
information-related risk factor in a pricing model.

Our paper is first to provides a theoretical model that is consistent with
empirically modelling both the standard CAPM market premium and market-wide
information quality as separate priced risk factors in the context of a multiple-regression
model.* Different from the model of Lambert et al. (2007), our model distinguishes
between the standard CAPM (precise) systematic risk (beta) and systematic risk
associated with imprecise accounting information. Furthermore, we decompose the firm’s
total systematic risk into the standard CAPM beta and three additional betas associated
with imprecise-information risk.

A related theoretical study by Hughes, Liu, and Liu (2007) examines the impact
of asymmetric information on asset pricing. The source of information friction in their
study comes exclusively from asymmetric information, rather than information
imprecision. They use an Arbitrage Pricing Theory (APT) framework to derive their

model. Their model implies that, at the limit, information asymmetry impacts factor risk

conditionally independent of all other information” (p. 398). Lambert et al.’s (2007) model, as well as our
model, presents a structure for the information set, which allows different covariance structures.

* This result is in the spirit of multiple-regression models used in the empirical studies of Francis et al.
(2004, 2005) Botosan et al. (2004) Aboody et al. (2005) Liu and Wysocki (2006) Core et al. (2008) Ogneva
(2008) and Kravet and Shevlin (2010).



premiums, not factor sensitivities. This means that asymmetric-information risk is not
priced at the cross section.’

In the spirit of Merton (1973), we derive an intertemporal asset-pricing model that
examines the pricing of risk associated with imprecise accounting information. We model
the impact of imprecise information on asset returns with an Ornstein-Uhlenbeck mean-
reverting process under which the information-related return error fluctuates around its
long-term mean, to account for reversals in these errors. In the static version of our
imprecise-information-adjusted asset-pricing model, information-quality risk has
systematic and idiosyncratic components, and only the former is priced. Our model
further demonstrates that systematic information-quality risk is priced through three extra
asset betas as well as through the alteration of the market risk premium. With an
imprecise information set, these three distinct systematic risk effects are measured by
covariance (beta) terms between firm-specific and market-wide imprecise-information
measures and the precise (fundamental) returns on the asset and the market.

The first component of systematic imprecise-information risk is a function of the
covariance of the security’s precise return with the information-imprecision return error
on the market portfolio. At times when the overall market information-imprecision return
error is negative, investors prefer to hold securities that pay a higher precise return.
Therefore, investors demand a premium for this covariance. This covariance provides the
theoretical underpinning for empirical models testing the cross sectional pricing of the
factor loading of an imprecise-information factor (see for example, Francis et al., 2005;
Core et al., 2008; Ogneva, 2008; and Kravet and Shevlin, 2010). In this line of empirical
literature the imprecise-information factor loading is also related to the covariance of the
security return with a market information factor, normally measured by the return on a
long-short mimicking portfolio. Thus, we provide further theoretical support for a
separate information-quality factor by showing that in equilibrium this market factor
exists and the extra risk premium required is distinct from the CAPM market risk
premium.

In addition to the above manifestation of systematic risk that has been empirically

researched in recent years, our model introduces two novel aspects of theoretically priced

® We further discuss Hughes et al. in section 2.1 and 2.4.



systematic imprecise-information risk. First, we have the covariance of the security’s
imprecise-information return error with the information-imprecision return error on the
market portfolio. We call the beta related to this covariance the commonality in
information quality beta. Assets with a negative commonality covariance provide a hedge
against the risk of a negative return due to information imprecision on the market
portfolio, and therefore have lower expected returns. Thus, investors expect a higher
return premium for a security with a positive commonality in information quality beta.

The second novel form of priced systematic imprecise-information risk in our
model is the covariance between the security information-imprecision return error and the
market precise return. Here too, investors prefer a negative covariance as it corresponds
to higher security information-imprecision return error during a bear market. The
implication of this preference is that investors may choose to invest in stocks of firms that
erroneously, or even intentionally, release false positive information about the firm at
times of a down market. In equilibrium, investors demand a risk premium for stocks that
do not provide this hedge due to this covariance term being positive. We provide
empirical evidence which strongly supports our theory.

The remainder of this paper is organized as follows: in Section 2 we derive an
imprecise-information-adjusted intertemporal asset-pricing model to obtain an analytical
asset-pricing framework in the presence of an imprecise-information set. Section 3
discusses the theoretical and empirical implications of imprecise accounting information
for asset pricing, while discussing the different channels through which systematic
information-imprecision risk affects asset pricing. Empirical evidence in support of our
theory is given in Section 4, followed by robustness tests in Section 5. Section 6 provides

summary and conclusions.

2. An Intertemporal Asset-Pricing Model with Imprecise Accounting Information
In the current section we formulate a theoretical asset-pricing model with

information-quality risk. In particular, we revisit Merton’s (1973) intertemporal CAPM

by incorporating an imprecise information structure and explore the various channels

through which information risk may affect expected asset returns.



We maintain Merton’s (1973) assumptions of continuous trading, and that the
returns and the changes in the opportunity set (the transition probabilities for returns on
each asset over the next trading interval) are well explained by continuous-time stochastic
processes. The vector set of stochastic processes describing the investment opportunity
set and its changes follow a time-homogeneous Markov process.® In the subsection
below, we define the imprecise return structure in our model, based on imprecise cash-
flow information available to investors. Based on this imprecise return structure, we
make two additional assumptions modifying Merton’s framework to allow for imperfect

information quality.

2.1. The Imprecise Information Set
Merton (1973) describes the equity expected return over a period of length s as:

E[CFPS (t,t + )] + UCPS(t + s) — P(t)
P(t) ’

where CFPS (t,t +s) is cash flow per share generated by a firm between time t and time t
+s, UCPS(t +s) is the balance of undepreciated capital per share (calculated under
physical capital depreciation) held by the firm at time t + s, P(t) is the beginning-of-
period stock price per share.

Accounting information released by the firm is the principal source of information
for estimating the cash flow component of the expected return, and the above definition
of expected equity return relies on precise accounting information. Since accounting
information is noisy by nature, expected cash-flow estimates, and therefore expected
returns, are imprecise. Formally, we follow Lambert et al.’s (2007) definition of the noisy
measure of imprecise cash flow as the sum of the firm’s precise cash flow per share,

CFPS(t,t +s), and an error term that represents the random imprecise cash flow

component per share misestimated for the period between time t and time t + s,

® Merton assumes that all assets have limited liability, and there are no transactions costs, taxes, or
problems with indivisibilities of assets. There are a sufficient number of investors with comparable wealth
levels so that each investor can buy and sell unlimited amounts at the market prices, and there exists an
exchange market for borrowing and lending at the same rate of interest. Investors have homogeneous
expectations with respect to asset returns. Short-sales of all assets, with full use of the proceeds are
allowed. Finally, it is assumed that trading in assets takes place continually in time. For specific details see
Merton (1973).



g(t,t+5s). This implies the following imprecise expected return on equity over a period
s:

E[CFPS (t,t +s)]+ E[&(t,t + 5)] + UCPS(t +s) — P(t)
P(t) ’

Given Merton’s definition of the precise (fundamental) expected return, the imprecise
expected asset return is the sum of the precise expected return and the expected return
due to cash flow imprecision:

E[CFPS (t,t +5)] +UCPS(t +5) —P(t) | E[s(t,t+5)]
P(t) P(t)

We denote the ex-ante return due to cash flow imprecision for the period between
e(t,t+5s)
P

continuous time framework, for an infinitesimally small time interval s, we denote the

time t and time t + s with: w(t,t+s), such that: w(t,t+s)= In the

information-imprecision return error on asset i by y; (for convenience, we drop the time

subscript). The inclusion of imprecise accounting information about cash flow leads to
the two additional assumptions below, which modify Merton’s (precise-information)

framework.

Assumption 1: The information-imprecision return error, y;, follows an Ornstein-
Uhlenbeck process as follows: d; =K(yy,i —y/i)dt+a%dzi, for every asset i (i = 1,
2,...n), where x, u,, 0, are constants, z; is standard Wiener process, and
E[dzidzj]:pw,jdt, forevery asseti (i=1,2,...n)and asset j (j = 1, 2,...n).

The drift term x(x, —w,) gives the expected change in the information-related

return error. With a positive speed of mean reversion (x > 0), the level of information-

related return error, v, fluctuates around a long-term steady-state mean, x, , which is

constant for security i. The parameter o, measures the magnitude of the innovation in

w;. We assume that the information-related return error follows a mean-reverting process

in order to account for reversals in these imprecise-information induced errors.



Assumption 2: Market participants observe the stochastic instantaneous imprecise return,

I =r.+y,, where r. is the precise return on asset i. This precise return follows a
Gaussian process: dr, = x4, dt + o, da,, for every asseti (i =1, 2,...n).

Applying 1t6’s lemma we write the mean of the instantaneous imprecise return as

4 = u, + 1, , Which is the sum of the mean instantaneous precise return and the long-

term mean of the return error. The instantaneous imprecise return variance is given by:

ol = arf +O'lii +20,,, where o, is the instantaneous covariance between the precise

fi
return on asset i and the return due to information imprecision related to asset i:

Oy = Peu 00, The term p. - denotes the instantaneous correlation between the

precise return on stock i and the information imprecision return errorfor stock i.

We further denote the instantaneous correlation coefficient between dw; and de,
(for two different assets i and j) with p, " and the instantaneous correlation coefficient
between de, and dz; with p,, . That is, E(dwdw;) = p, , dtand E(da;,dzj)zpri%dt.
The instantaneous covariance between the imprecise returns on any two assets i and j is
given by: oy =Cov(+y;. 1 +y;)=0,, +0,, +0,,+0,,, Where o, is the

instantaneous covariance between the precise returns on the two assets.

The above assumptions imply the following It6 processes for the instantaneous

imprecise return on the asset i (T, ):

df = (4, +x(u, —y)dt+ /ol +02 +20, , da,, 1)
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where @, is a standard Brownian Motion. Equation (1) implies that

{(u, +x(u, _‘/’i))’\/arziJ“U;i+20wi'/’ii} is a sufficient set of statistics for the

imprecise opportunity set at any given point in time.

Note that in the current setup all investors face the same imprecise information
set. This is similar to the assumption of Lambert et al. (2007) that investors hold
homogeneous beliefs about future cash flows (and imprecise return moments in our
model), but different from the setup of Lambert et al. (2012) that allows for asymmetric
information. In addition, similar to Lambert et al. (2007), our setup facilitates studying
the pricing effect of firm-specific information imprecision. In Hughes et al. (2007) the
information structure is based on the firm’s cash-flow component that stems from a factor
common to all firms. Different from Lambert et al. (2007) and from the current paper, the
idiosyncratic cash-flow portion is cross-sectionally independent in Hughes et al. (2007).
Lambert et al. (2007) note that this difference in the information structure leads to
different results related to the cross-sectional effects on the expected return on equity.

The same difference applies to our model.

2.2. The Investor’s Problem
Following Merton (1973), we assume that there are L investors who maximize

their expected lifetime utility of wealth given an imprecise information set:
I (O),p (0),1] = maxEo[_E'U'[c'(s),s]ds+ B'wW! (I"),y/(T'),T']] 1=12..L, (2)

where “ E,” is the expectation operator, conditional on the current value of the I
investor’s wealth and the imprecise information set. U' is the von Neumann-
Morgenstern utility function of consumption for the I investor, which is strictly concave.

The initial value of investor I’s wealth is given by W'(0) =W'. T' is the I" investor’s

7 o dw +o,dz

Application ~ of  Itd’s Lemma  implies that: dea and

i~ 2 2
\/0'ri +o, + ZGWi

Jr»pr v, +G(//~
i iYi i dt
2 2 2
O-ri +G'Vi + Griv’//i

E(dm,dz,) =

10



horizon and c'(t) is the instantaneous consumption flow at time t. Finally, B' denotes a
strictly concave utility function of terminal wealth. The terminal value of lifetime utility
in equation (2) is given by: JIW (T),y/(T), T1=BW (T),y(T).T).

With n risky assets and one instantaneously riskless asset, and with imprecise
accounting information incorporated in equation (1), the wealth accumulation equation
for the 1™ investor is given by:

n n
dW = > qWdF +(1->_q;)Wr, —cdt, (3)
i=1 i1
where ¢, is the proportion of the investor’s wealth invested in the i asset. Following
Assumptions 1 and 2, the imprecise-information wealth-accumulation process is given by

(see derivation in Appendix A):

dw = Zl:qi(,uri +x(u, —w)—r)+1 }Nd'[+z_l:qiw\/0',2i +O-'/2/i +20, , da; —cdt,
n+l

where r, is an exogenous instantaneous interest rate on a risk-free bond, and > q; =1,

where Qn+1 IS the weight of the riskless asset. Using the above assumptions and wealth-
accumulation process, we solve for an investor’s consumption-investment optimal choice

which results in the following Hamilton-Jacobi-Bellman (HJB) equation:
0=max{U (c,t) +J, +J,, [(ZL0; (1, =)+ W]

iYj iYi

1 n n
+E‘JWWZi=1Zj=lqiqj(o-ri,rj T0,.y, TOhy, 10O, ./,.)W2
(4)
1
+ Ezinzlzr;zl\]'//i'//j 04Oy, Pyy,

+ IS, GW (o, 0y,

The n+1 first-order conditions for each investor derived from (4) are given by:
0=U_(c,t)-J,, W, t,»), (4.1)
0=1J, (,uri +u, — I W+ I Zr;:lqu Z(ij +0,., +0., t0., ) “2)

+ Z?:l Jwy, W (o, v, t O, ), .
Vi=12..nand j=12,..n,where ¢ =c(W,t,w), q =q,(W,t,i) represent the optimal

level of consumption and the optimal weights for assets in portfolio.

11



2.3. The Optimal Portfolio Choice

The assumption of constant risk-free rate in our model allows us to simplify our
analysis and focus on the market for risky equity securities. Using matrix notation, we
rewrite equation (4) for the » risky assets:

0=Jy (et + 4, =1 1) + JyyWZr 0+ 25,y ()
where 4, is the vector of mean precise returns of the n risky securities, 4, is the vector

of long-term means of information-imprecision return error (which are also the long-term

return spreads between the precise returns and imprecise returns), v is the vector of firm-

specific information-related return error, =.. is the variance-covariance matrix of

imprecise return vectors ' with elements o;; =0, +0, , +0,, +0,,, and = is

the covariance matrix between the observed imprecise return vector I and the

information-related return-error vector ¥ on risky assets, with components given by

=(o +‘7wi,w,-) Vi=12..n,and j=12,..n. From (5), we obtain the vector of

GFivl//j Wi

optimal portfolio weights,

* ‘JW -1 -1 ‘]W
q :_W‘JWW e (1 +/Uy/_rf|)_2F,F X, VTV:///W (5.1)
We rewrite (5.1) for every asset i as follows:
q =— T v (u +u, —r I-)—Z:n v. (o,, +o, ) duy, (5.2)
i W\JWW =1 R r Vi £ jik=1" R Wk ViWk W\]WW ) .

Vi=12..n, j=12..n, and k=12,..n. V. denotes an element in the inverse of the

|fj
variance covariance matrix, ;.

Equations (5.1) and (5.2) give the optimal weights (demand) for asset i in the
presence of imprecise accounting information. The optimal portfolio weight, q°, in

equation (5.1) is the combination of the tangency (market) portfolio with n hedge
portfolios. This optimal portfolio hedges against imprecise-information risk related to
each of the n assets, which causes unfavorable changes in the noisy investment

opportunity set. Note that, the optimal portfolio composition is altered in the presence of

12



imprecise information not only through the hedge portfolios, but also through the

definition of the tangency portfolio, which is altered as well by imprecise return errors.®

2.4. The Equilibrium Pricing Equation

The equilibrium asset-pricing equation derived in this section shows that expected
asset risk premiums with imprecise accounting information arise due to three elements: (i)
the sensitivity of asset returns to the precise excess market return (as in the standard
CAPM); (ii) a return sensitivity to a market-wide imprecise information factor; and (iii)
the asset return sensitivity with respect to n hedge portfolios. The expected excess return

on a security takes the following form (see derivation in Appendix B):

pe + o, ==, —r)+ B, +H, (6)

. . Or ¢ . .
where 4, is the mean precise market return, i :'—2r reflects the i security return

rm
sensitivity to the imprecise-information-adjusted market excess returns, T, is the

imprecise return on the market portfolio, 1, =>7 xr, . In the intertemporal model,

investors hold n hedge portfolios, represented by a vector h, to hedge against the
fluctuations in imprecise returns that cause random shifts in the imprecise information set.

This  result  implies the following extra term in  equation (6):

H =28, —0r, Jr & (7} —pi=™) that represents the risk premium
associated with the n hedge portfolios. The term: 7" = (,urm —r)+ 4, 1s the market risk

(ox

hof s the k™ hedge

premium adjusted for imprecise accounting information, ' = >
O

portfolio’s return sensitivity to imprecise-information-adjusted excess market returns, 7,

is the imprecise return on hedge portfolio K, nfz(yrhk —r¢)+u, is the imprecise

information adjusted risk premium on the k™ hedge portfolio, and th,jfhk denotes an

element in the inverse matrix Fﬁl, which is presented in Appendix B.

® The optimal portfolio choice varies across investors as reflected in the different derivatives of the
investor’s expected lifetime utility of wealth, J.

13



Equation (6) is the equilibrium intertemporal capital asset pricing equation with
information imprecision. It describes the equilibrium relation between the asset risk
premium and three types of risk: market (systematic) risk, systematic information
imprecision risk, and the risk of unfavorable shifts in the stochastic investment
opportunity set. Equation (6) further shows that imprecise accounting information affects
the risk premium associated with the asset betas (risks). In addition to the standard

CAPM market risk premium, (z -—r,), investors also demand a premium for asset
return sensitivity to the market-wide information-quality risk factor, 4, .

Systematic risk is measured by the sensitivities (betas) with respect to the market
portfolio, information-quality factor, and the hedge portfolios. The imprecise-information

related adjustment in g™and B highlights a significant difference from the APT model

of Hughes et al.’s (2007). In their model, risk related to asymmetric information only
affects factor risk premiums, not factor sensitivities. Unique to our model, the risk
associated with the imperfect-information attribute we consider (information imprecision)
affects the risk premiums as well as factor sensitivities. As a result, information
imprecision is systematic and cross-sectionally priced. We further explore this point and
explain the way in which imprecise accounting information alters factor sensitivities in

Section 3.

3. Empirical and Theoretical Implications of Imprecise Accounting Information

In this section, we further analyze the implications of our model using a more
tractable static version of equation (6). To arrive at the static version, we assume that
every k™ hedge portfolio is correctly priced by its return sensitivity to the noisy market
factor (in other words, H, =0, for every k).? Under this assumption we can write

equation (6) as follows for every k™ hedge portfolio:

’Llrh,k +'Lll//h‘k _rf :ﬂkm(ﬂrm _rf)+,8kmﬂy/m.

? Alternative to this assumption, there are two additional assumptions that lead to the static version of our
model in equation (7). First, one can assume the derived utility function, J, is either additive in wealth and
return errors. Second, imprecise returns have a factor structure.
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With the notations used following the discussion of equation (6), this is equivalent to:

xl = Bhx™ for every k. '° Thus the pricing error on hedge portfolio return, represented
by (zy — Bix™), becomes zero. This implies that:

H =28, —0x, b & (m —pBz") =0 for every asset i, which leads to

the static version of our imprecise-information-adjusted asset-pricing model:

m m
/ui +1uy/i _rf :IBi (/urm _rf)+ﬂi luy/m’ (7)
Or ¢ o., +0, +o, to, 2 2 2
where: " = —4m = dn Qe _W¥e Vil apnd o; =0, +0, +20, , . The
OF. o, +o, + Zer’Wm " " " mm

ensuing discussion is based on this static version.

3.1. Empirical Implications of the Imprecise-Information-Adjusted CAPM

Equation (7) provides the theoretical underpinning for incorporating an
information-imprecision risk factor in a regression model as a separate market factor.
Recall that Lambert et al. (2007) do not provide a theoretical justification for the pricing
of an information-quality factor. In their one-period CAPM-based model, the cross-
sectional pricing of imprecise information manifests through the estimation of the firm’s
cash-flow beta. They emphasize that their model does not provide the theoretical
foundation for an extra separate “information risk” factor in an asset-pricing model.
However, our imprecise-information-adjusted model provides a pricing relation that is
consistent with empirically modeling both market-wide information-quality risk

premium( g, ) and the standard CAPM market risk premium (g, —r; ) as separate

priced risk factors in the context of a multiple-regression model (as in the empirical work
of Francis et al.,, 2004, 2005; Botosan et al. (2004); Aboody et al. (2005); Liu and
Wysocki (2006); Core et al., 2008; Ogneva, 2008; and Kravet and Shevlin,). In addition,
in our model imprecise accounting information also affects asset prices cross-sectionally
through its impact on the firm’s imprecise-return beta (rather than the Lambert et al. cash-
flow beta).

In the next subsection, we decompose our imprecise-return beta and investigate

19 Note that, pMand B refer to the same thing: hedge portfolios’ return sensitivities to market excess
returns.
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the three different channels through which imprecise information is manifested as a
systematic risk factor in our model, two of which are unique to this paper. We further
show that one of these channels is closely related to the factor loading of the information-
quality factor that appears in the above body of empirical work. This provides further

theoretical support for empirically modeling a distinct information-quality factor.

3.2. Theoretical Implications of the Imprecise-Information-Adjusted CAPM

Under the static version of the imprecise-information-adjusted CAPM given in
equation (7), the three-fund separation of the intertemporal model collapses to the
standard equation that reflects a two-fund separation in the static CAPM, adjusted for
imprecise accounting information. The two mutual funds (the riskless asset and the
market portfolio) allow the investor to create a risk-return profile comparable to that of

asset 7 on an instantaneously efficient frontier. Thus, the imprecise-return beta in equation
(7) measures the risk contribution of asset i (0% 7 ) to the total risk of holding the market
portfolio (GFZm ), which consists of a systematic component of imprecise-information risk.

After expanding the covariance term in equation (7) we can write the asset pricing

equation as follows:

o o o
Ho + iy, =T+ A (8)

Recall that 7" = (,urm —r)+ 4, is the imprecise-information-adjusted risk premium on

the market. The long-term equilibrium imprecise-information-adjusted asset-pricing
model in Equation (8), provides the framework for understanding the various channels
through which imprecise-information risk may affect asset returns.

Unlike the model of Lambert et al. (2007), our model distinguishes between the
standard CAPM (precise) systematic risk and systematic risk associated with imprecise
information. This is reflected in equation (8) where we decompose the firm’s total
systematic risk into the standard CAPM beta and three additional betas associated with
imprecise-information risk. These four betas are related to the following covariance

and o, . The first term, o is the standard CAPM

terms: o, . ,o0., 0 s

[l 7 Wm T ViWn?

covariance of the precise returns on the individual asset (r;) and on the market (ry). With
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an imprecise information set the three distinct betas representing systematic information-

quality risk are related to the following covariance terms: o o

ViWm! and O-rm!

riv'//m’ Vi )
Below, we show that the first covariance term captures the effect of the information-
quality factor of Francis et al. (2005). The other two covariance terms reveal two novel
channels that manifest the pricing of systematic risk related to information imprecision.

The first systematic imprecise-information risk term, o, , is the covariance

between the security’s precise return (r;) and the overall market imprecise-information

return error (v, ). In the CAPM world investors hold the market portfolio. Investors

prefer securities for which this covariance has a negative sign so that the security tends to
pay a positive precise return at times when the market portfolio suffers from a negative
imprecise-information return error.'* Stated differently, when this covariance is negative,
the security hedges against market losses due to information imprecision. This means that
investors demand a risk premium when this covariance term is positive. Therefore, this
covariance term provides the theoretical framework for the cross-sectional pricing of the

Francis et al. (2005) information-quality factor loading, which is a function of o, , .

Note that the two remaining betas (covariance terms) represent two new channels that are
unique to our model, through which systematic imprecise-information risk affects asset
prices.

The second imprecise-information beta is related to the term o, , , which is the
covariance between the security’s information-related return (y;) and the overall market

imprecise-information return error (y,,). Investors holding the market portfolio prefer

securities for which this covariance is negative so that the security tends to pay a positive
imprecise-information return error at times when the market portfolio suffers from a
negative imprecise-information return error. In other words, when this covariance is
negative, the favorable imprecise accounting information about this security hedges

against market losses due to information imprecision. We call the beta related to this

- 2 - - - - - -
covariance (o, /Grm) the commonality in information quality beta. Investors will

' The analysis in this paper assumes that the market risk premium, 7", is positive, which is empirically
consistent.
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demand a risk premium for securities with a positive commonality in information quality
beta.

The last component of systematic risk related to imprecise information, o is

Vil ?
the covariance between the security’s return due to information imprecision (i, ) and the

overall market precise return (rp). In this case, investors prefer to hold securities that
hedge with a positive imprecise-information return error against a bearish market. This
means that investors holding the market portfolio prefer securities for which this
covariance is also negative, so that the security tends to pay a positive imprecise-
information return error at times when the market portfolio suffers from a negative
precise return. This implies that — for portfolio hedging purposes — investors may prefer
to invest in stocks of firm’s that erroneously, or even deliberately, release false positive
information about the firm at times of a down market. Here again, investors demand a
risk premium when this last covariance term is positive.

Finally, two-fund separation implies that investors hold the market portfolio. In
our model, the risk involved in holding the market when information is imprecise is given
by: GFZm =0'r2m JrO',jm +20

r ». - Lhis means that the total systematic risk consists of three

components:  the precise market-portfolio risk (Ufm), risk related to imprecise-
information market return (G;m), and the comovement of market precise return and

. . . . 2
imprecise-information market return (o, , ). Therefore, the presence of 0, and o,
m¥m Vm m¥m

shows explicitly that imprecise-information risk cannot be diversified away, even in the
context of a very large portfolio such as the market portfolio.

The above discussion highlights that our static version of the imprecise-
information-adjusted asset-pricing model presents three distinct channels through which
this systematic imprecise-information risk is priced. Equation (8) implies that investors
demand a higher risk premium due to the three additional information-related betas
representing systematic imprecise-information risk they face. This risk is priced because,
even when one holds security i within a large portfolio such as the market portfolio, one
still faces the systematic information-quality risk that security i contributes to the market

portfolio. Unique to our model, this risk is priced through an altered market risk premium
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as well as through the factor loadings of the security. In the next section we provide

empirical evidence in support of our static model.

4. Empirical Evidence

In this section we test the empirical validity of an unconditional version of our
static asset-pricing model. Mechanically, our model is somewhat similar to the liquidity-
adjusted CAPM of Acharya and Pedersen (2005), but the focus of our model is clearly
different. Contextually, Acharya and Pedersen (2005) derive an overlapping-generations
model accounting for liquidity risk, while our model is an intertemporal model
considering information-quality risk. Analytically, although both models are four-beta
models, the signs of the betas in the pricing equation are different. The similarities
however enable us to follow an empirical testing procedure in the spirit of Acharya and
Pedersen (2005).

We assume constant conditional covariances of innovations in information-
imprecision return errors and returns and derive the following unconditional version of

our static model based on equation (8)*%:
ﬂFn _ rft — ﬂ_tﬂiMarket +7Z_tﬂilQ,1 +7Z_tﬂi|Q,2 +7Z_tﬁilQ,3, (9)
where

ﬂ_Market _ COV(I’it ) I’-mt B Et—l(rmt))
I Var(r,, —E_ () +lvm —EL ()]

ﬂlQ,l _ Cov(r, ¥ — By (W)

b Var(r, —E_ (r,) +[vm —EL(w.)))

ﬂIQ’Z _ Cov(yi —E (i) Vi —Es(Wi))

' Var(r, —E(r,) +[v,, —E(w,)])’

B = Cov(y — Ea(Wie) e — Eca(Nr))
I Var(rmt - Et—l(rmt) + [l//mt - Et—l (l//mt )]) ’

mo=(u, —Ve)+p, =g —Ty, and g = +p, . This unconditional static version

of our model is the basis the empirical test to follow.

12 The unconditional version of our model can be derived under an alternative assumption that dividends
and information-imprecision return errors are independent over time. However, we cannot adopt this
alternative assumption because empirically our information-imprecision return error proxy is persistent.
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4.1 Data and Methodology

We use monthly stock prices, returns, and market capitalization data from CRSP
for NYSE, Amex, and Nasdaq stocks for the period between January 1970 and December
2010. Consistent with previous literature, we include only US common stocks (CRSP
codes of 10 or 11). The accounting data are from the Compustat database. Each month
we exclude penny stocks and stocks with price greater than $1000 based on beginning-of-
month prices. We further exclude size outliers, defined as observations with market

capitalization within the upper and lower 2.5 percentiles of our sample.*®

4.2 Measuring the Information-Imprecision Return Error

To estimate equation (9), we need a proxy for the information-imprecision return

error, ;.. A significant body of research in accounting and finance suggests measures of

accrual quality to proxy for firm information quality (see for example, Barth et al., 2001;
Dechow and Dichev, 2002; McNichols, 2002; Francis et al., 2005; Core et al., 2008, and
Lee and Masulis, 2009). The premise of this interpretation of accrual quality is that cash
flow is the primitive element for pricing, and therefore poor accrual quality is a cause for
weaker mapping between cash flow and price and thus an indication of feeble
information quality.

We adopt the modified Dechow and Dichev (DD hereafter, 2002) model and
estimate an accruals-quality (or information-quality) measure as proxy for the

information-imprecision return error, w,. DD model current accruals as a function of

current, past, and future cash flows. This approach views the primary role of the
matching function of accruals to cash flows in determining accrual quality. The intuition

13 The estimation of the information-imprecision return error proxy we use below requires companies in our
sample to have survived for EliCCSUMONMNEaISCrior to the estimation year. As a result, the sample is
systematically biased towards older, larger, and more successful firms, while it excludes recently-listed
(younger) firms and firms delisted over this sample period (see Core et al., 2008; and Lee and Masulis,
2009). Since older and larger firms are more likely to have higher information quality, the removal of firms
with market capitalization within the top 2.5 percentile addresses the structural sample bias towards larger
firms. At the same time, smaller-size and younger firms are more likely to suffer from poor information
quality, hence are more likely to agree with the implications of our model. Therefore, to avoid this potential
bias in favor of our model, we also remove firms with market capitalization within the bottom 2.5
percentile.
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behind this measure is that managers have some discretion over the timing or cash flow
recognition across adjacent accounting periods.* DD suggest that estimation errors in
accruals and their subsequent corrections are likely to reduce the beneficial role of
accruals, thus the quality of accruals is decreasing in the magnitude of accrual estimation
errors. In addition to cash flows, we augment changes in sales revenue and property,
plant, and equipment because these components are important in forming expectations
about current accruals, beyond their direct effects on operating cash flows (see
McNichols, 2002).*> The modified DD model is specified as:

TCA, = ¢, +$CFO, , +¢,CFO,  +¢,CFO, ., +#,ARev,  +#,PPE,  +¢,,, (10)
where

TCA= total current accruals = (ACA— ACash) — (ACL — ASTDEBT),

ACA = change in current assets,

ACash = change in cash/cash equivalents,
ACL = change in current liabilities,
ASTDEBT = change in short-term debt,

Dep = depreciation and amortization expenses,
CFO = cash flow from operation= NIBE — (TCA— Dep),

NIBE = net income before extraordinary items,
ARev = change in revenue, and
PPE = gross property, plant, and equipment.
All variables are drawn from the yearly Computstat database and are scaled by the
average of total assets between year t-1 and year t. We estimate Equation (10) at the

cross-section for every year within each industry with at least 20 observations in a given

Y This is because accruals anticipate future cash collections or payments and reverse when previously
recognized cash in accruals is received or paid. As a result, the timing of a firm’s economic
accomplishments and sacrifices often differs from the timing of their related cash flows. Managers can
benefit from this disparity when they use accruals to adjust cash flow timing, but it comes with a cost,
namely, an offsetting change in next period’s accruals and earnings. For example, recording a receivable
accelerates the recognition of a future cash flow in earnings and matches the timing of the accounting
recognition with the timing of the economic benefits from the sale. However, if net proceeds from a
receivable are less than the original estimate, then a subsequent entry records both the cash collected and
the correction of the estimation error.

> McNichols shows that adding these two variables significantly increases the model’s explanatory power
in the cross-sectional regression, thus reducing measurement error.
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year, based on two-digit Standard Industrial Classification (SIC) industry groups.*® We
exclude financial institution, insurance, and real estate companies (SIC codes 6000-
6999).

Recall that in section 2.1 we define the information-imprecision component of
return as the random misestimated cash-flow component per share, scaled by the share

price so that it takes the form of a rate of return. Since all variables in the DD regression

model are scaled by total assets, the DD regression residual, ¢, , is also a rate of return

(albeit relative to the firm’s assets rather than its market value) representing accrual-

related errors in estimating cash flows. Thus, the raw cash-flow regression residual is the

most natural proxy for our information-quality return error (). Note that the DD

regression residual term, could be negative or positive, and as a regression error term is

white noise. To insure that its effect is not lost at the aggregate, our firm-year proxy for

the information-quality return error is given by: 1Q =y, |e |, which is the absolute

value of the estimated residual of the DD model. This measure was first suggested by DD
(see footnote 6 in DD).

Note that a more popular accrual-quality measure is given by the standard
deviation of firm’s annual DD regression residuals across time (see for example, Dechow
and Dichev, 2002; McNichols, 2002; Francis et al., 2005; Core et al., 2008, and Lee and
Masulis, 2009). However, this standard deviation measure is used in the extant literature
to proxy for the accrual quality (or quality of information) of the firm, rather than to
proxy for information-quality return error. Since the latter is an input of our model, the
absolute value of the DD model residual (1Q) is a more valid proxy for the testing of our
model’s validity.

For the purpose of measuring information quality (rather than measuring our
information-quality return error), the standard deviation of the firm’s DD regression
residuals is a superior measure. This is because one may consider a firm with a zero mean

of |e,| as a sign of perfect information quality. However, if |e | exhibits great

variability (even with a zero mean), then in actuality the firm has poor information

quality. At the same time, when using |€;, | we must maintain the assumption that its

18 When there are less than 20 observations, we estimate the model based on one-digit SIC.
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standard deviation is positive. Otherwise, a positive but deterministic | e, | implies that

all three information-quality betas in our model take a zero value. Given the noisy nature
of regression residuals, this assumption about our 1Q proxy clearly holds empirically.*’
Our 1Q proxy is estimated with balance-sheet and income-statement information
rather than statement of cash flows information. Given evidence suggesting that balance-
sheet accruals estimates are potentially biased (see Hribar and Collins, 2002), we repeat
our tests with an alternative cash-flow statement based 1Q proxy. However, for an asset-
pricing test, the increased accuracy resulting from using cash-flow statement data (with
data starting in 1988), comes at a great cost of a significantly shorter sample period
relative to the 1Q proxy measured with information from the balance sheet and income
statement (with data starting in 1970). Consequently, we focus our discussion on balance-
sheet 1Q proxy based tests. We report our results for the cash-flow statement 1Q-based

tests with the robustness tests findings below.

4.3 Creating Test Portfolios and a Market Portfolio

To reduce noise related to the individual stock estimated information-precision
return error proxy, we form 25 test portfolios based on the previous year 1Q proxy
estimated for each individual stock. Portfolio return and portfolio 1Q measure are
calculated both as equal- and value-weighted averages for each of the 25 test portfolios.
These averages are calculated for each month in our sample period over stocks that are
included in a given portfolio. We construct value-weighted and equal-weighted test
portfolios. The DD estimation of our 1Q measure [EGUCSHONMCONSECHtNVEear of data
that include: the estimation year, two years prior to the estimation year (since lagged
CFO is a first-difference variables), and one year after the estimation year. The 1Q
estimation is based on data from January 1970 to December 2010. Since our test
portfolios are formed based on the previous-year 1Q proxy, we obtain monthly test-
portfolio 1Q measures and returns for the January 1973 to December 2010 (38-year)

period.

7 Given the wide use of the standard deviation of firm’s annual DD regression residuals as a measure for
accrual-quality, we repeat our tests with this popular (albeit less suitable) alternative proxy. These findings
are reported with the results of the robustness tests below.
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The market portfolio in our model is a value-weighted portfolio of all risky assets
in the economy. However, our sample is limited to stocks reported on CRSP and listed on
the NYSE, Amex, and Nasdag. This means that we exclude other risky assets, such
private equity, small-firm stocks, different forms of corporate debt, and real estate.’® This
set of omitted assets is dominated by low information quality assets. In addition, recall
that the data requirements of the IQ measure estimation procedure systematically
excludes younger firms and firms delisted over our sample period — both types tend to
have low information quality. As a result, our universe is biased towards stocks issued by
larger and stronger firms with high quality information. For this reason, in the spirit of
Acharya and Pedersen (2005), we counterbalance the over-representation of these high
information-quality stocks in our sample by calculating equal-weighted averages of
market portfolio return and market portfolio IQ measure,). These market portfolio
averages are calculated for each month in our sample period over stocks that are included
in our sample with a previous-year 1Q measure. For robustness, below we also repeat

results for tests with a value-weighted market portfolio.

4.4 Beta Estimation and Evidence of Imprecise-information Risk in Pricing

Since our 1Q measure is time varying and persistent, we focus on the
unconditional model in equation (9), in which the beta estimation involves estimating
four sets of innovations: (i), market portfolio return innovations; (ii), market portfolio 1Q
proxy innovations; (iii), 1Q proxy innovations for each portfolio; and (iv), portfolio return
innovations. We find that an AR(1) or an AR(2) specification is most suitable for
removing serial correlations and to estimate innovations in the 25 test-portfolio 1Q
measures and in the market portfolio 1Q measure. Since the AR(2) specification is a
better fit for most portfolios, innovations in portfolio returns are estimated using this
specification with the portfolio 1Q measure as a control variable. Market portfolio return
innovations are also computed using an AR(2) model, adjusted for market characteristics
at the beginning of each month, which include: market volatility, log of one-month

8 According to Heaton and Lucas (2000) asset-class proportions of national wealth are allocated as
follows: private equity corresponds to 13.8%, other financial wealth is 28.2%, real estate (owner-occupied)
represents 33.3%, and consumer durables correspond to 11.1%. At the same time, stocks represent only
13.6% of national wealth.
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lagged market capitalization, lagged book-to-market ratio, average of previous six month
turnover, the average of previous six months illiquidity reflected by the Amihud (2002)
measure, and the average of previous six months 1Q measure.

Based on the four sets of innovations, we estimate four betas for each of the 25

Market 1Q,1 1Q,2

test portfolios: Sy ", B2*, B>, and B,>°. We then use alternative cross-sectional

specifications of the model to identify the potential effect of information-quality
systematic risk in total, and the effect of each information-quality beta separately. The

first specification constraints the beta risk premium to be identical for all four betas:

E(f, —ry) =a+78;" p=1,2,..25, (9.1)

p’
where T, =r, +y, representing the observed portfolio  return, and

Al _ pMarket 10,1 1Q,2 IQ,3 . . .
o =By + By + B+ B, representing the overall (market and information-

quality) systematic risk in the portfolio.
To disentangle information-quality risk (at the aggregate) from the standard

CAPM market risk we test our second specification as follows:

E(rpt _ rﬁ) — a_i_]z_MarketﬂFl)vlarketl +7Z'|Qﬂrl;Q’ p:1,2,..25, (92)

The first beta, £, in model specification (9.2) is the standard CAPM beta reflecting

the portfolio return sensitivity relative to the market portfolio return. The second beta,

QR _ plQl 1Q,2 Q.3 . . . . .
o =B, + B, + B, represents the portfolio systematic information-quality risk at

the aggregate.
To compare the effects of the different dimensions of systematic information-

quality risk on return, we decompose the aggregate information-quality beta into three

betas: B3>, 5,27, and B,°°, as specified in equation (9). Thus, we allow for a unigue

risk premium for each beta in the following equation:

E(f, —ry)=a+x el y zRIBR 4 702502 4 703402 p=12,25  (9.3)
Regression model (9.3) represents the unconditional version of our static model

with the four betas spelled out. Recall that there are three different channels through

which imprecise information is manifested as a systematic risk factor in our model. The

first channel is represented by 3,°*, reflecting the sensitivity of portfolio return relative
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to market-wide imprecise-information return error. The second information-quality risk

component, S;°%, is the commonality in information quality beta, reflecting the co-
movement between individual portfolio information-imprecision return error and that of
the market. The last information-imprecision risk channel, S,°, represents the

association between the portfolio information-quality return error and the market return.

Empirically, estimating regression model (9.3) is problematic due to the high
multicollinearity between the three information-quality risk betas. This is documented in
the correlation matrix reported in Table A.1 in the appendix. While for the sake of
exposition we still report the estimated coefficient for regression model (9.3), we caution
against their interpretation. Note that multicollinearity is not an issue in regression
models (9.1) and (9.2).

4.5 Results
We apply GMM to estimate regression models (9.1) — (9.3) cross sectionally over

our 25 (value- and equal-weighted) test portfolios using our 1Q proxy. We also estimate a
single beta model with each of the four betas from equation (9). Table 1 documents the
GMM coefficient estimates for test based on an equal-weighted market portfolio. Panel A

reports results for the 25 IQ-sorted value-weighted portfolios. The estimation of

All
p )

regression model (9.1), with a single risk premium for the sum of all four betas, S
yields a risk premium for our information-quality adjusted model that is positive and
significant at a 1% level. In addition, the R? of our model is relatively high (0.554) when

compared with that of the standard CAPM (0.455).

Table 1 Here

Recall that regression model (9.2) allows us to disentangle the impact of
systematic information-quality risk from that of the standard CAPM systematic market

risk. For the value-weighted portfolios, Panel A further reports that the aggregate
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systematic information-quality risk, ﬂF')Q, has an estimated risk premium that is positive

and significant at a 1% level. At the same time, the standard market risk premium in this
specification (the market beta coefficient) is still significant, but only at a 5% level
(compared with a 1% significance under the standard CAPM regression).

When comparing the results for the four single beta regression models, we see
that the estimated coefficient is significant at the 1% level for all four betas. However, it

seems like the #;*° model (related to the covariation of portfolio information-quality

return error with the market return) has the highest explanatory power for the cross-
sectional variation in portfolio returns (R%) among the four single-beta models.

While the estimated coefficients of all three information-quality betas in
regression model (9.3) are statistically significant, recall that these are not interpretable
due to the high multicollinearity exhibited for the three estimated betas. This is supported
by the R? of this specification which is by far the highest of all reported regression
models (0.709).

In general, the results for the 25 1Q-sorted equal-weighted portfolios (reported in
Panel B of Table 1) are consistent with those reported for the value-weighted portfolios.
The main difference is that for equal-weighted portfolios regression model (9.2) yields an
insignificant risk premium for the standard market risk, while the information-quality risk
remains significant at the 1% level.

Overall, the evidence presented in Table 1 (for tests based on an equal-weighted
market portfolio), lends strong support for the unconditional version of our information-

quality adjusted asset-pricing model. This is reflected by significant estimated

coefficients for ﬁ[f” and ,BF',Q with high regression R®’s in regression models (9.1) and

(9.2), respectively, indicating that our model fits the data well.

5. Further Investigations

Below we report the results of four additional robustness tests to assess the
empirical performance of our model. First, we report results for tests conducted with a
value-weighted market portfolio. Second, given the wide use of the standard deviation of

firm’s annual DD regression residuals as a measure for accrual-quality, we report results
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of tests using this popular alternative proxy. Third, we report results for the cash-flow
statement 1Q-based tests. Finally, we test whether the pricing of our systematic
information-quality risk is robust when one considers Acharya and Pedersen (2005)
systematic liquidity risk. With the exception of the first test, the results for the remaining
three tests are reported for value-weighted test portfolios with an equal-weighted market

portfolio.

5.1 Tests Utilizing a Value-Weighted Market Portfolio
Recall that we follow Acharya and Pedersen (2005) and calculate equal-weighted

averages of market portfolio return and market portfolio 1Q measure in our tests. We do
this to counterbalance the over-representation of relatively large and high information-
quality stocks in our CRSP sample. However, theoretically the market portfolio in our
model is a value-weighted portfolio of all risky assets in the economy. Table 2 reports the
GMM coefficient estimates for test based on a value-weighted market portfolio. Panel A

documents results for the 25 1Q-sorted value-weighted portfolios. For regression model

(9.1), with a single risk premium estimated for the sum of all four betas, ,6’;‘”, the risk

premium for our information-quality adjusted model is positive and significant at a 1%
level. Also, the R? of our model is much higher (0.576) than that of the standard CAPM

(0.281).

Panel A further reports the results of regression model (9.2) which disentangles
the impact of systematic information-quality risk from that of the standard CAPM

systematic market risk. For the value-weighted portfolios, we find that the aggregate

systematic information-quality risk, 3., has an estimated risk premium that is positive
p

and significant at a 1% level. At the same time, the standard market beta coefficient is
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still significant, but only at a 5% level (compared with a 1% significance under the
standard CAPM regression).

Moving on to the results for the four single beta regression models, we find that
the estimated coefficient is significant at the 1% level for all four betas. Similar to the

results reported for the equal-weighted market portfolio case, the /3’,'?'3 model has the

highest R? among the four single-beta models. We again find that the R* of regression

model (9.3) is the highest among all other specification (0.612). This is combined with

the result that the only significant coefficient is that of S;°* with a 5% significance level.

The regression coefficients of all other three betas are now insignificant. These results are
once again an artifact the multicollinearity exhibited for the three estimated betas.

Once again, the results reported in Panel B of Table 2 for the 25 1Q-sorted equal-
weighted portfolios are consistent with those reported for the value-weighted portfolios.
Overall, the evidence for tests based on a value-weighted market portfolio presented in
Table 2, provide strong support for the unconditional version of model. Hence, the
support for our model is robust with respect to whether we use equal- or value-weighted
market portfolio in our tests. In addition, our conclusion is also insensitive to whether we
use equal- or value-weighted test portfolios. Therefore, the remainder of the robustness
tests are conducted with an equal-weighted market portfolio (following Acharya and
Pedersen, 2005) and with value-weighted tests portfolios (consistent with our theoretical
model).

5.2 Using an Alternative 1Q proxy

Because of the popularity of the standard deviation of the DD regression residuals
in research focusing on accrual (or information) quality, we repeat our tests with this
proxy for robustness. The results of tests utilizing this proxy will indicate the soundness
of the general idea in our model, that the information-quality effect is manifested in
priced systematic risk. However, as previously mentioned, tests using the absolute value
of the estimated residual of the DD model as the 1Q proxy provide more direct evidence
with respect to the empirical validity of our model. Our alternative proxy is given by the

standard deviation of firm i’s cross-sectional regression residuals across five years:
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Q" =0o(e,.8,,.8, , €, 36, ,) We estimated this proxy using balance sheet data. This
alternative proxy reflects the stability dimension of information quality, implying that

larger 1Q’ represents a lower predictability of earnings and therefore a lower quality of

financial reporting.™®

Turning to a practical matter, when estimating the standard-deviation proxy based
on the DD model using annual accounting data, we need eight consecutive years with
financial accounting data, implying that companies have survived for at least six years
prior to the estimation year.”® Consequently, the sample for estimating the standard-
deviation 1Q proxy is even more biased than that of the absolute-value 1Q proxy which
requires four years of consecutive data. Recall that this bias systematically excludes
recently-listed (younger) firms and firms delisted over this sample period, while it is
biased towards older, larger, and more successful firms which tend to have higher quality
of information (see Core et al., 2008; and Lee and Masulis, 2009).

Table 3 documents the GMM coefficient estimates for test based on an equal-

weighted market portfolio and 1Q’ -sorted value-weighted portfolios. Once again, the

estimated risk premium in regression model (9.1) is positive and significant at a 1% level.
In addition, the R? of this model (0.224) is almost double that of the standard CAPM
(0.144).

For regression model (9.2), which separates systematic information-quality risk
from that of the standard CAPM systematic market risk, the estimated risk premium for
the aggregate systematic information-quality risk is positive and significant at a 5% level.
At the same time, the standard market risk premium is significant. Recall that the results
of regression model (9.3) are not interpretable due to the high multicollinearity exhibited
for the three estimated betas. This is also the case when we use the alternative proxy

({0"). Table 3 reports that while none of the four estimated beta-coefficients are

9 DD show that firms with larger standard deviations have less persistent earnings, longer operating cycles,
larger accruals, and more volatile cash flows, accruals and earnings, suggesting lower accruals quality.

2 \When we estimate equation (10) in year t, we have to include CFO at three years, t-1, t, and t+1. In
addition, CFO is defined as the difference between net income and total accruals. In other words, CFO at
time t-1 has to include accounting components at time t-2. Therefore, estimating equation (10) in year t
requires accounting information from year t-2 through t+1 and estimating this equation at year t-4 requires
accounting information back to year t-6. In short, estimating the standard deviation proxy with the DD
model requires a total of eight years of accounting information including six prior years.
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statistically insignificant the R? of this specification is the highest of all reported
regression specifications (0.309). Overall, the evidence of tests using the alternative
information-quality proxy provides strong support for the general idea in our model, that
the information-quality effect is manifested in priced systematic risk.

5.3 An 1Q Proxy based on Statement of Cash Flows Information

In the above estimation of 1Q (the absolute value of the estimated residual of the
DD model), we use information from the balance sheet and income statement rather than
from statement of cash flows. However, Hribar and Collins (2002) suggest that studies
that use balance sheet accruals estimates are potentially biased. The bias is larger around
major financing events such as mergers and acquisitions, because these events affect the
numbers in consecutive balance sheets. Therefore, we also estimate equation (10) based
on information from the statement of cash flows and we use cash flows from operations
reported under the Statement of Financial Accounting Standards No0.95 (SFAS No.95,
FASB 1987). Following Hribar and Collins (2002), we define
TCA= EBXI —OCF,
where
EBXI = earnings before extraordinary items and discontinued operations, and
OCF = operating cash flow (from continuing operations) taken directly from the cash-
flow statement.

To compute the cash-flow based 1Q proxy we require statement of cash flow data
that are not available prior to 1988. Recall that the estimation based on equation (10)
requires four consecutive years of data (the estimation year, two years prior to the
estimation year, and one year after the estimation year). Given that our test portfolios are
formed based on the previous-year 1Q proxy, with the cash-flow based proxy we obtain
monthly test-portfolio 1Q measures and returns for the January 1991 to December 2010
(20-year) period. This is much shorter relative to the 38-year sample of monthly test-
portfolio data based on the 1Q proxy used in the previous section, which is measured with
information from the balance sheet and income statement. Thus, the increased accuracy
resulting from using cash-flow statement data comes at a great cost of a significantly

shorter sample period.
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In Table 4 we report results based on the 1Q proxy derived from the statement of
cash flows. The results reported in this table are in line with the results reported in the
previous section for test portfolios based on data for the balance sheet and income
statement. Once again, the results provide strong support for the unconditional version of
model. Hence, the support for our model is robust with respect to whether we sue equal-
or value-weighted market portfolio in our tests. One apparent difference, is the
substantially higher R? observed for all model specifications with the cash-flow based 1Q
proxy portfolios compared with that obtained for portfolios formed based on 1Q
computed from balance sheet and income statement data. We attribute this result to the
shorter (20-year) sample period used here, which is likely to be less noisy relative to the
38-year sample of monthly test-portfolio data based on the 1Q proxy used in the previous

section.

5.4 Information-Quality Risk vs. Liquidity Risk

Disparity of information quality and/or quantity across different investors (i.e.,
asymmetric information), can adversely affect market liquidity (see Kyle, 1985; Glosten
and Milgrom, 1985; and Easley and O’Hara, 1987). Thus, one may expect poor
information-quality firms to also suffer from weak market liquidity. Given the strong
support provided by Acharya and Pedersen (2005) for the pricing of systematic liquidity
risk, the probable association between information quality and liquidity calls for further
tests. Therefore, our next robustness test examines whether the significant pricing of our
systematic information-quality risk still stands in the presence of Acharya and Pedersen’s
(2005) systematic liquidity risk.

Acharya and Pedersen (2005) use the normalized illiquidity measure of Amihud
(2002) to estimate systematic-liquidity risk based on their theory.?! To test whether our

empirical support for the pricing of systematic information-quality risk is robust with

2 Earlier studies examine the systematic nature of liquidity. Chordia, Subrahmanyam, and Anshuman
(2000) show that stock returns are cross sectionally related to the variability in liquidity, where liquidity is
proxied by measures such as trading volume and turnover. Chordia, Roll, and Subrahmanyam (2000),
Huberman and Halka (1999), and Hasbrouck and Seppi (2000) find that individual stock liquidity co-moves
with market-wide liquidity. Pastor and Stambaugh (2003) show that market-wide liquidity is a priced factor
for stock returns.
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respect to the inclusion of systematic liquidity risk, we estimate the following three-beta

regression model:
E(Fpt _ rﬁ) —a+ ﬂ_Marketﬂ;/larketl + ”lQﬂ’LQ + ”ILLIQﬂFI)LLIQ, p:1’2’"25’ (11)

ILLIQ

where

is Acharya and Pedersen’s (2005) net illiquidity beta. This regression model

considers three distinct sources of systematic risk: the standard CAPM market risk

(B,""), our systematic (aggregate) information-quality risk (4,°), and Acharya and

ILLIQ

Pedersen’s (2005) systematic liquidity risk (3,

The net illiquidity beta, 8;'°, is a linear combination of Acharya and Pedersen’s

(2005) three liquidity betas. The illiquidity cost used in Acharya and Pedersen (2005) is
constructed based on the absolute return-to-volume measure of Amihud (2002), which
captures the price-impact dimension of liquidity, and has often been used in the empirical
microstructure literature. % Following Amihud (2002), a market-illiquidity illiquidity

measure for stock i in month t is given by:

i 1 ays R,
ILLIQ; =m25f‘ ‘v:‘

where R}, and V., are the return and dollar volume (in millions) on day d in month t,
respectively, and Days! is the number of observation days in month t for stock i.

To estimate ILLIQ] and B,"°, we sample all eligible stocks over a period

corresponding to the period for which we form our 1Q-based test portfolio (so that we
obtain ILLIQ measures for the January 1977 to December 2010 period). Daily return and
volume data are obtained from CRSP. Similar to the procedure for forming 1Q portfolios
outlined in the previous section, we form an equally-weighted market portfolio for each
month t during the sample period, in which market return, market 1Q, and market ILLIQ
are computed.

%2 Hasbrouck (2002) uses microstructure data for NYSE, AMEX, and NASDAQ stocks to compute a
measure of Kyle’s lambda. He finds that it is highly correlated with Amihud’s (2002) illiquidity measure
and concludes that Amihud’s measure is the most adequate among several considered market-liquidity
proxies.
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We form 25 test portfolios sorted on 1Q. We form both value- and equal-weighted

Market

test portfolios. For each portfolio, we estimate S,

and B, following the procedures

ILLIQ

described in the previous section. We estimate /5,

following Acharya and Pedersen’s

(2005). We use an AR(2) specification to test for the autocorrelation pattern of market
portfolio ILLIQ measure, and the resulting innovations in market portfolio ILLIQ appear
stationary.

Table 5 documents the GMM coefficient estimates for regression model (11) for
both value- and equal-weighted test portfolios. The regression coefficient of our

systematic information-quality risk (ﬂr',Q) is statistically significant at the 1% level for

both equal-weighted and value-weighted portfolios. At the same time, we find that the

ILLIQ

Acharya and Pedersen’s (2005) systematic liquidity risk (3,

) is statistically

insignificant. These results demonstrate that evidence in support of the pricing of our
systematic information-quality risk is robust with respect to the inclusion of systematic
liquidity risk.

6. Summary and Conclusions

We derive an intertemporal asset-pricing model in the spirit of Merton (1973) that
allows us to investigate different channels through which systematic risk associated with
imprecise accounting information affects asset prices. We show that in our model
imprecise-information risk has systematic and idiosyncratic components, and only the
former is priced. A static version of our model demonstrates that systematic information-
quality risk is priced through the alteration of the market risk premium as well as through
three extra asset betas. In our model, a market-wide required excess return due to
imprecise information is distinct from the CAPM market risk premium. This addresses
criticism of the lack of theoretical underpinning for the inclusion of a separate
information-quality factor in empirical multiple-factor models such as that of Francis et
al. (2005).

The three extra betas in our model represent three distinct systematic risk effects

of imprecise accounting information for which investors demand an extra risk premium.
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Our first information-imprecision beta reflects the security-return sensitivity with respect
to market-wide information imprecision. This beta provides further theoretical support
for the cross-sectional pricing of the Francis et al. (2005) information-quality factor
loading. In the multiple-regression model in their paper, the security return is regressed
on the market-wide information-quality factor, which means that, like our first
information-imprecision beta, their information-quality factor loading is a function of the
covariance between the security return and the market information-quality factor.

The remaining two information-precision betas are unique to our paper. The
commonality in information quality beta is the second channel through which imprecise-
information risk affects asset prices in our model. This beta reflects the co-movement
between the information-imprecision return error of the individual asset and that of the
market. To hedge against adverse imprecise-information effects on their portfolio,
investors prefer to include an asset with a negative commonality beta, so that when
information-imprecision depresses market returns it inflates the asset return.

The third and last channel, through which risk associated with imprecise
information affects asset pricing in our model, is the beta that reflects the relation
between the asset return errors due to imprecise-information and the precise market
return. To protect their portfolio at times of a bearish market, investors prefer a security
for which this relation is negative, so that when their portfolio is down the security tends
to pay a positive imprecise-information return error. This unique result implies that
investors may have a preference for investing in stocks issued by firms that erroneously
or intentionally, release false positive information about the firm at times of a down
market. This implication of our model raises the question of whether, empirically, at
times of a depressed market investors prefer to invest in firms performing earnings
management or management manipulation of management earnings forecast that improve
expectations about the firm’s future performance. This empirical question is left for
future research.

We document strong empirical support for the pricing of our systematic
information-quality risk. This evidence is robust to the information-imprecision return

error proxy we use as well as to the test-portfolio and market-portfolio formation
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methodology. We further document that our systematic information-quality risk does not

proxy for the well-documented systematic liquidity risk.
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Appendix A — Derivation of the Wealth-Accumulation Process

Recall that the wealth accumulation equation for the I™ investor is given by:
dW =" qWwdr +(1->_q,)Wr, —cdt (3)
i=1 i=1

Substituting for dr from equation (2) we rewrite equation (3) as:

dw {Zqi(un +ku, =) =1 )+, }WdHZquJGE +0,,+20,,, doy—cdt. - 3.1)
i=1

i=1

n+l

where r, is an exogenous instantaneous interest rate on a risk-free bond, and > q; =1,

where gq+1 is the weight of the riskless asset. The assumption of constant risk-free rate in
our model allows us to simplify our analysis and focus on the stock market.
The necessary instantaneous optimality condition for solving for an investor’s

consumption-investment optimal choice is as follows:

0 = max[U (c,t)dt + J,dt + I, E, (dW)+%JWWE(dW)2 £33, E ) (3.2)
c,q = !

1 n n n
5 2 Dy E@yidy) + 3, 3y, E@Wdy) + o))

Equation (3.2) implies a Gaussian process of wealth accumulation. Thus the variance and
covariance of the instantaneous change in wealth and the instantaneous change in the

observable noisy return are given by:

E (W) =[>q (s, + 1, —1;)+1, —cldt, (3.3)
E@W)* =7 > qqW(s,, +0,, +o,, +o,,)d, (3.4)
E(dl//idt//j)zawiay,jp%%dt, (3.5)
E(dWdy,)=>" dW(o,,, +o,,, )dt. (3.6)

Substituting equations (3.3) to (3.6) into equation (3.2), we get the following equation,
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0=max{U (c,t) + 3, + 3, [ (u, + 4, =T )+ 1 W]
1
1 nn
+EJWW lelqiqj(o-ri,rj +O-'//iv'//j +O_fi:V/' +O-r'-'//i)\N2

J J
1 n nJ
+EZ1Z1 v CviCvw; Py,

* ZIZIJWWJ qW (Gﬁ Wi +o, i )

The n+1 first-order conditions for each investor derived from equation (4) are

(4)

given by:
0=U,(c,t) =, W, t.p), (4.1)

0=Jy (g, + 4, =T )W +Jyy Z';:lq W, +0,, +0., +0,,)

. 4.2)
+ Zj:lJW'//jW (O-"i Wi + G'//iv'//j )’

V i=12..n, where ¢ =cW,t,p) and g, =q,(W,t,w) are optimal solutions for
equations (4.1) and (4.2) as functions of the perceived state variables.

Using matrix notation, we rewrite equation (4.2) for the n risky assets as follows:
0=Jy (& + 44, =1 D)+ Iy WZ; 20+ 25, Jy,, » ©)
where 4, is the vector of mean precise returns of the n risky securities, 4, is the vector
of long-term means of information-imprecision return error (which are also the long-term

return spreads between the precise returns and imprecise returns), ¥ is the row-vector of

firm-specific information-related return error, ¥ . is the variance-covariance matrix of

imprecise returns with elements o3 =o, . +o, , +0,, +0. ., and =  isthe matrix

of covariance terms between observed noisy return variables and the information-related

return errors on risky asset, with components given by o =(o,, +0,,)
i i i

Vv i=12,..n, and j=12,...n.

Solving equation (5), we obtain the vector of optimal portfolio weights for the n risky

securities:
. N a A ‘]Wy/
q=- Ter (o +p, —rl)=2: 2 .
WJWW r,r r v r,r ry W‘]WW

(5.1)
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Equation (5.1) can be written for every asset i as follows:

.y " e
qi = —WJ\:\AIIW j:lVF,,Fj (,L[rj + lLll//j - rf I J) - Zj,kzlvﬁfj (Gl‘j Wi + O-Wj Wi )WJ;W ’
(5.2)

Vi=12..n j=12..n, and k=12,...n. v__ denotes an element in the inverse of the

variance covariance matrix, that is Zilﬂ . Equation (5.2) gives the optimal weights
T

(demand) for risky assets in the presence of imprecise accounting information.

Appendix B — Derivation of Equilibrium Pricing Equation (6)
Equation (5) can be rearranged as follows:

a' (4, + 44, =1 1) :—ler,rql _ZF,.,/bll

(5.3)
J ) .
where a' =(J—W)' and vector b' = (=2£)", for investor I, 1 =1, 2,..., L. Summing across
ww wWw
the L investors and dividing by ZlLa' , We obtain:
L (.|
Towt T o
I Lo LW' I
. b . .
where A = Z isascalar, B= L. isan nx1 vector, and X, = Z—? is a vector

L L

2,8 2,8 2w

of market equilibrium security weights.  This notation allows us to write:

J— —_— T —_— J—
Lp Xy =057 = (Gmm +to,, +o,, + (Twywm), X2, =0t , = (Grm"// +Gwm,w)’ and
— — [y
nx1 nx1 1xn 1xn
T _ 2
X 2Xe = O .

To compute A and B in terms of first and second moments of the tangency and

hedge portfolios as well as covariance terms of individual returns with these portfolios,
we pre-multiply equation (5.4) by weight vectors, x', and Y, k =12,...n, respectively,
to yield the following n+1 equations:

p, +u, —t =—Aoi —o; B, (5.5)
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M +H, —N=—Ac; : —or B k=12.n, (5.6)

where =Z::1 X4, is the weighted expected precise return for the market portfolio,
M, = Z?:lxiu% is the weighted mean of the information-imprecision return error for the
market portfolio, v, =Zin=1xit//i Is the market-wide weighted imprecise-information-
related return error, and x_ is an nx1 vector of security weights in the market portfolio
with elements x, . Similarly, for the hedge portfolios, z, :Z::l Yi k4. is the weighted
expected precise return on hedge portfolio k, the term 4, =1 Yik,, is the weighted

mean of imprecise-information return error on hedge portfolio k, v, =>1" Y, W
represents the weighted imprecise-information return error inherent in hedge portfolio k,

and y, , is an nx1 vector of security weights in hedge portfolio k with elements Y, .

Solving for A from equation (5.5), we have:

Ho, + Hy, —T; +07 B

2
O

m

_ A=

(5.7)

Next, let 4, denote an nx1 vector with elements x, , 1, isan nx1 vector with

elements 4, ,andy, denotesan nx1 vector with elements v, ,. Substituting the above
solution to A into equation (5.5) and simplifying leads to:

Ot 7, O% 7, o -6
o2

m

B.

He +u, —Tl= (p, +u, —1e)+(

~2 Fh,y/)
rm

Define I and T as

O- -

m i,
I =p"%; , —%;,, where " =—n.
- ——

nxn nx1 Mm

=8 -3 S L
R, =P Zr, ~ 25, Where f=—1e
m nx1 O-Fm

Assuming that the inverse matrix Fﬁlexists, we solve for B
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B=T7Tuty, + 4, —1i1=B"(u, + 1, —11)]

-1_h h
=T 7" - ",

(5.8)

where 7" =(,urm —r)+ 4, represents the imprecise-information-adjusted market risk

premium, and 7" = (#, —¥¢)+u, isanxlvector of hedge portfolio risk premiums.

Substituting solutions (5.7) and (5.8) for A and B into equation (5.4), we obtain the

following result:

ﬂr+/’ll//_rfl__Ao-Fr O-F,l//B
Ori m ,OFF,
= = 7"+ (— Or —O'F’W)B
m fm (5.9)

=,Bm7l'm +FFFF;1[7Z'h —ﬁhﬂ'm],
where the term [z" — 8"z™] is the vector of mean pricing errors of the hedge portfolios,

determined by hedge portfolio return sensitivities to the market portfolio.

Substituting for T, and I;, we rewrite Equation (5.9) to obtain our imprecise-

information-adjusted asset-pricing equation:

Mo+, == B0 (e —1)+ B, +H;, (6)
m_ O% 7, _ N n m h h__m
where B = o2 and Hi =2a 24 (5 Ot w; ~Ofy, )th‘j,Fhvk (m = B7™)

(B"o- v, ~O%,,)is an element of the nxn matrix I, V i=12.n, and j=12..n;

ms

b-

Thjsth

_represents an element of the inverse matrix I};l, V j=12,..n, and k=12,..n;

and (= — piz™) reflects the k™ hedge portfolio’s mean pricing error under CAPM, ¥

k=12,..n.

Table A.1 Here|
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Table 1: 1Q-Sorted Portfolios with an Equal-Weighted Market

This table reports the coefficient estimates from cross-sectional regressions of our static model for 25
value-weighted (Panel A) and equal-weighted (Panel B) portfolios, using monthly data during January
1970 to December 2010, with an equal-weighted market portfolio. We use GMM to obtain the coefficient
estimates and t-statistics (in parentheses) based on the following model specifications:

CAPM
(9.1)
(9.2)
(9.3)

Market HMarketl

E(r,—r)=a+x b

E(f, —ry)=a+ ;zﬂ:” ,

E(Fpt . rﬁ) — a_i_ﬂ_Marketﬁg/Iarketl +7Z_IQﬂFI)Q'

E(Fpt _rﬁ) :a+7Z_MarketﬂL\/Iarketl +7Z'IQ'lﬂ’;Q +7Z_IQ,2ﬂFI)Q,2 +7Z_IQ,3ﬂlI’Q,3’

where ,Br?" = ﬁg"arm +ﬂ:)Q'1 + ﬂ,')Q'Z +ﬂ,')Q‘3 and ﬂl',Q = ,BF')Q'l +ﬂF',Q‘2 +ﬂ",Q'3. The table also

reports the R? and the adjusted-R? (in parentheses). *** represents significance at 1%; ** significance at
5%; and * significance at 10%.

doe g per per e pp e R

Panel A: Value-weighted 'portfolios

CAPM 0.002 0.012*** 0.455
(1.480) (5.910) (0.431)

0.007 1.316%** 0.180
(5.470) (3.010) (0.145)

0.011 1.803*** 0.348
(56.970) (6.240) (0.320)

0.011 0.040*** 0.554
(39.130) (6.680) (0.535)

9.1 0.003 0.011*** 0.554
(2.450) (6.350) (0.435)

9.2 0.007 0.006** 0.028*** 0.621
(3.910) (2.480) (5.990) (0.586)

9.3 0.007 0.002 0.934** -1.668*  0.059*** 0.709
(3.490) (0.710) (2.680) (-2.05) (3.640) (0.651)

Panel B: Equal-weighted portfolios

CAPM 0.003 0.007** 0.201
(1.380) (2.800) (0.167)

0.010 0.001 0.001
(6.150) (0.001) (-0.044)

0.010 1177%** 0.560
(81.870) (7.550) (0.436)

0.010 0.022*** 0.512
(67.820) (7.350) (0.491)

9.1 0.004 0.006*** 0.332
(1.950) (3.110) (0.303)

9.2 0.011 -0.002 0.025*** 0.515
(5.390) (-0.86) (6.920) (0.471)

9.3 0.012 0.003 -0.927* -1.658 0.052* 0.618

(4220) (060) (189 (Jd9 (1780) (0.542)




Table 2: 1Q-Sorted Portfolios with a Value-Weighted Market

This table reports the coefficient estimates from cross-sectional regressions of our static model for 25
value-weighted (Panel A) and equal-weighted (Panel B) portfolios, using monthly data during January
1970 to December 2010, with a value-weighted market portfolio. We use GMM to obtain the coefficient
estimates and t-statistics (in parentheses) based on the following model specifications:

= Market HMarketl
CAPM E(r, —r)=a+x""" =",

91 E,-ry)=a+8.",

(9.2) E(Fpt . rﬁ) — a_i_;Z_Marketﬁg/Iarketl _+_7Z_IQIB’I)Q’

= _ Market o Marketl Q1 pIQ 10,2 nlQ,2 10,3 pIQ,3
93) E(ry-ry)=a+z "8, +7 ot e A I

where ,B?" = ﬁ;"arket +,BF')Q'1 + ﬁl')Q'z + ﬂF')QB and ﬁl',Q = ,BF')Q'l +ﬁ:,Q‘2 +ﬂF')Q'3. The table also

reports the R? and the adjusted-R? (in parentheses). *** represents significance at 1%; ** significance at
5%; and * significance at 10%.

a|pha ﬁMarket ﬁlQ,l ﬁlQ,Z ﬁIQ,S ﬂA" ﬁlQ R2
Panel A: Value-weighted 'portfolios ' ' ' ' '

CAPM 0.002 0.010%** 0.281
(L.110) (5.360) (0.250)
0.006 0.803*** 0.479
(5.570) (5.510) (0.456)
0.011 1.014*** 0.380
(49.560) (5.480) (0.353)
0.011 0.047*** 0.467
(37.440) (5.730) (0.444)
9.1 0.001 0.011*** 0.414
(0.640) (5.590) (0.389)
9.2 0.005 0.006** 0.038*** 0.576
(2.590) (2.660) (7.320) (0.538)
9.3 0.006 0.002 0.420 0.021 0.030* 0.612
(3.270) (0.620) (1.410) (0.050) (2.080) (0.535)
Panel B: Equal-weighted portfolios
CAPM 0.005 0.005** 0.059
(1.800) (2.200) (0.018)
0.008 0.227 0.056
(6.360) (1.480) (0.015)
0.010 1.040*** 0.467
(81.780) (7.640) (0.444)
0.010 0.037*** 0.538
(71.840) (7.860) (0.518)
9.1 0.002 0.008** 0.209
(0.580) (2.670) (0.175)
9.2 0.012 -0.002 0.036*** 0.531
(4.470) (-0.72) (7.600) (0.488)
9.3 0.007 0.006 -0.428* -0.725  0.069*** 0.600

(2260)  (L400) (19  (30)  (3610) (0.520)




Table 3: Using an Alternative 1Q Proxy

This table reports the coefficient estimates from cross-sectional regressions of our static model for 25
value-weighted portfolios sorted on 7Q’, using monthly data during January 1970 to December 2010, with
an equal-weighted market portfolio. The alternative proxy is given by the standard deviation of firm i’s
cross-sectional regression residuals across five years: 1Q" = G(eit ,eit_l,eit_z,eit_s,eit_A). We estimated
this proxy using balance sheet data. We use GMM to obtain the coefficient estimates and t-statistics (in
parentheses) based on the following model specifications:

= Market nMarketl
CAPM E(r, —r)=a+z """,

0.1 E(f,-ry)=a+8",

(9.2) E(rpt _ rﬂ) — a_'_ﬂ_Marketﬂg/Iarketl +7Z'|Qﬂ'|)Q,

= _ Market Marketl Q.1 plIQ 10,2 plQ,2 1Q,3 plIQ,3
93) E(r-ry)=a+z"""8; +7 ot o TR,

where ﬁ;\" = ﬁg"arket + B2+ B2 + B2 %and SR = B+ B2+ B°°. The table also

reports the R? and the adjusted-R? (in parentheses). *** represents significance at 1%; ** significance at
5%; and * significance at 10%.

~

alpha gy Byt Bz piRe B B2 R?

CAPM 0004  0.010%** 0.144
(1690)  (2.990) (0.107)

0.012 -0.075 0.001
(13.600) (-0.11) (-0.043)

0.011 1.037%** 0.253

(50.750) (4.180) (0.221)

0.011 0.020*** 0.235

(50.100) (3.300) (0.201)

9.1 0.004 0.009*** 0.224
(1.960) (3.270) (0.190)

9.2 0.008 0.004 0.024** 0278
(2.780)  (1.140) (22600  (0.212)

9.3 0.007 0.005 0.135 0573 0.012 0.309
(2560)  (1.290)  (0.200)  (0.940)  (0.650) (0.171)
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Table 4: Using Cash-flow Statement Data

This table reports the coefficient estimates from cross-sectional regressions of our static model for 25
value-weighted portfolios sorted on 1Q, using monthly data during January 1988 to December 2010, with
an equal-weighted market portfolio. The 1Q proxy is estimated using information from the statement of
cash flows (instead of information from the balance sheet and income statement). We use GMM to obtain
the coefficient estimates and t-statistics (in parentheses) based on the following model specifications:

~

CAPM E(rpt _ I’ﬂ) —a+ EMarketﬂrlJ\/Iarketl’
60 EG,-r)=a sl

(9.2) E(Fpt —ry)=a+x" ;')v'arke“ + ﬂlQﬁ;I)Q ,

©3)  E(T,—ry)=a+a"" gyt g R1B0 4 7102 102 | 7103 g1a3,

where ﬂ,f" = ﬂg"arker +,BF')Q’1 +ﬂ:)Q’2 + ﬂ:)Q'sand ,BF')Q = ﬂr'JQ’l +,B;,Q’2 +,BF')Q‘3. The table also

reports the R? and the adjusted-R? (in parentheses). *** represents significance at 1%; ** significance at
5%; and * significance at 10%.

apha By pRT  pR? pRe g R R?
CAPM  (0.001)  0.018*** 0.781
(0.36)  (8.600) (0.771)
0.012 -0.986%** 0.306
(19.110) (-3.83) (0.276)
0.013 3.020%%* 0.567
(34.790) (5.340) (0.548)
0.010 0.079*** 0.567
(16.520) (7.260) (0.548)
9.1 0.001 0.016*** 0.803
(1.070) (12.540) (0.795)
9.2 0002  0.014*** 0.025%** 0807
(1280)  (6.080) (3190)  (0.789)
9.3 0003  0.013***  -0.062 0164 0025 0.808
(1210)  (3280)  (0.23)  (0.260)  (1.980) (0.770)
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Table 5: Information-Quality Risk vs. Liquidity Risk

This table reports the coefficient estimates from the cross-sectional regression model (11) for 25 value-
weighted (Panel A) and equal-weighted (Panel B) portfolios, using monthly data during January 1970 to
December 2010, with an equal-weighted market portfolio. We use GMM to obtain the coefficient estimates
and t-statistics (in parentheses) based on the following model specifications:

= Market Marketl | | ILLI ILLI
1) B, —ry) =a+xeple 4 20 g 4 R g,
where ﬂ;" arket represents the standard CAPM market risk, ﬂ[')Q stands for our systematic (aggregate)

information-quality risk, and ﬂF'JLL'Q represents Acharya and Pedersen’s (2005) systematic liquidity risk.

The table also reports the R? and the adjusted-R® (in parentheses). *** represents significance at 1%; **
significance at 5%; and * significance at 10%.

Alpha ﬂrl:/larket ,BrI)Q /Br:LLIQ R 2
Panel A: Value-weighted portfolios

0.007 0.006** 0.029%** -0.017 0.622

(3.820) (2.400) (5.460) (-0.39) (0.569)
Panel B: Equal-weighted portfolios

0.012 -0.003 0.020%** 0.017 0.530

(5.280) (-0.98) (3.280) (0.800) (0.463)
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Table A.1: Beta Correlations for the Test Portfolios

This table reports the Pearson correlations between the standard CAPM market beta and our three
information-quality betas for the 25 value-weighted (Panel A) and equal-weighted (Panel B)
portfolios. The table also reports p-values (in parentheses). *** represents significance at 1%; **
significance at 5%; and * significance at 10%.

Panel A: Value-weighted portfolios

IB'L\/Iarket ﬂrl‘Q,l ﬁlrl‘Q,Z ﬁr:Q,S

Market .000 0.499** 0.556*** 0.644***
B P (0.011) (0.004) (0.001)

Q.1 1.000 0.230 0.174
Ps (0.268) (0.506)

IQ,2 1.000 0.902***
ﬁp (<.0001)

19,3 1.000

p

Panel B: Equal-weighted portfolios

Market Q.1 19,2 1Q,3
e 1,000 0,700 0,667 07T
P (<.0001) (0.000) (<.0001)
Q.1 1.000 0.301 0.334
P (0.143) (0.103)
B2 1.000 0.984%**
P (<.0001)
1.000
1Q,3
By}
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