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Abstract

In this paper, we estimate and test a multi-period model of strategic informed trading developed by Foster
and Viswanathan [Foster, F.-D., Viswanathan, S., 1996. Strategic trading when agents forecast the forecasts
of others, J. Finance 51, 1437-1478]. We employ the GMM using intertemporal patterns of price, trading
volume and market depth, leading up to the earnings announcements made by NYSE firms. We find that
multiple informed traders with heterogeneous private signals trade prior to the announcements. In addition,
by comparing the results from daily and intra-day estimations, we find that the number of informed traders
increases while the intensity of liquidity trading decreases, and that the adverse selection problem becomes
more pronounced as the announcements approach.
© 2006 Elsevier Inc. All rights reserved.
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1. Introduction

This study evaluates the performance of stylized market microstructure models during peri-
ods leading up to earnings announcements. A typical market microstructure model assumes that
informed traders exist, trading with a market maker in the presence of liquidity traders. As the
informational content of a corporate event is initially known only to a small number of insid-
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ers and/or investors, the period leading up to a corporate event is considered as an appropriate
sample period for the testing of these models.

Several market microstructure studies attempt to analyze the influence on trading costs in-
duced by possible informed trading during an event period. The majority of these studies attempt
to characterize the observable measures of liquidity, such as spread or depth. For example,
Krinsky and Lee (1996) estimate the components of spread surrounding earnings announce-
ments. They report that the adverse selection component of spread increases during both pre-
and post-event periods. Lee et al. (1993) assess both the spread and depth around earnings
announcements, and determine that spreads widen and depths fall in anticipation of earnings
announcements.! On a different track, Seppi (1992) constructs a model of block trading near
earnings announcements, and finds that these trades reflect information contained in the upcom-
ing earnings announcements. More recently, Chae (2005) investigates trading volume and price
sensitivity around a number of types of corporate announcements. He finds mixed results as to
trading volume, but finds that price sensitivity increases prior to all types of announcements.
These papers collectively provide evidence that trades predicated on private information occur
prior to the announcements, and also that liquidity providers reflect these anticipated adverse
selection problems in their pricing function. In this paper, intertemporal patterns of price, trading
volume and liquidity prior to earnings announcements are used to examine the ramifications of
informationally motivated trades.

This paper differs from the above-mentioned studies in that structural model estimation is
employed. The structural estimation of market microstructure models provides a number of
advantages. Most importantly, it allows explicit estimation of the exogenous parameters of theo-
retical models. In addition, it helps provide insight into the fundamental sources of price-volume
formation processes, and to measure the relative importance of these sources. The primary model
used in our estimations is a model of speculative trading between a risk-neutral market maker
and heterogeneously informed traders, as developed by Foster and Viswanathan (1996). The in-
formed traders not only compete with one another for trading profits, but also learn about the
other traders’ information from past orders. Each of the traders is strategic, in that he possesses
long-lived private information, and places orders to maximize his expected current and future
profits. This model is a generalization of two simpler models: that of Holden and Subrahmanyam
(1992), which features multiple traders but with homogeneous information, and the multi-period
Kyle (1985) model, which involves a monopolistic informed trader. The Foster and Viswanathan
(1996) model is the sole example among the Kyle-variant models which is able to explain the
empirically stylized findings that market depth decreases as the time of information resolution
approaches.” Testing the simpler models against the general model assists in learning the restric-
tiveness of the added assumptions, thereby providing insights as to the informationally motivated
trades in an environment in which a certain degree of informed trading is likely to exist.

Although structural estimation clearly possesses some merits, some drawbacks emerge when
the method is applied to market microstructure models. The principal drawback is the difficulty
of estimation itself, which can be attributed to the inherent unobservability of state variables.
For example, an econometrician can observe neither private information nor liquidity trading.
In this paper, the unobservability problem is overcome by deriving moment conditions on the

1 Morse and Ushman (1983) and Venkatech and Chiang (1986) investigate the changes in the spread near earnings and
dividend announcements. Both studies document that the spread increases at least on the day of announcement.

2 Back et al. (2000) developed a continuous time version of Foster and Viswanathan (1996). Even in the continuous
time framework, the theoretical implications are essentially the same as in discrete time framework.
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observable price volatility and trading volume as functions of the exogenous parameters of the
model, and then applying the Generalized Method of Moments (GMM) to estimate the models.
In doing so, we are able to estimate the model without measuring private information or liquidity
trading.

The second drawback is that the Kyle-variant models are highly structured, and accordingly
they are likely to be miss-specified. For example, these models do not consider the arrival of pub-
lic information during trading periods. Instead, they assume that a one time public announcement
at the terminal period reveals all the private information. These models further assume that no
new pieces of public information, which the informed traders are not aware of at the beginning,
are allowed to be revealed during the trading periods. In the real world, however, the private
information can be revealed gradually via a series of public announcements. More often than
not, new pieces of public information affect the market. Now, with respect to the timing of infor-
mation acquisition, these models assume that the informed traders acquire their private signals
simultaneously. Furthermore, the number of informed traders is assumed to remain unchanged
during the trading periods. It is obvious that these assumptions are not realistic, and the actual
data should reflect the effects arising from these realistic trading environments assumed away
by the models. If we try to accommodate these realistic factors into the model, both the equi-
librium order submitting strategy and pricing rule are affected in a complicated manner. Unlike
the unobservability problem, the problem arising from the misspecification is extremely difficult
to circumvent, and remains as one of the primary limitations of this study. We have, however,
attempted to shed light on some of these issues within the limits of this study, via the estimation
of the models using both intra-day and daily data.

Recently, several structural estimations of market microstructure models have been success-
fully undertaken. Among others, Easley et al. (1996) estimate the probability of informed trading
by working with the number of buys and sells during a trading day. They find that the probabil-
ity of informed trading is lower for high-volume stocks. Easley et al. (1997) further include
the number of no-trades, within a comparable framework. In addition, Foster and Viswanathan
(1995) develop a model in which private information is modeled as a latent variable, and test
stylized empirical findings regarding the relationship between trading volume and price volatil-
ity. They impose a specific structure on the information process, and reject the model. Cho and
Krishnan (2000) exploit the fact that the true value of a futures contract is known ex post, and
then estimate Hellwig’s noisy rational expectations equilibrium model using S&P 500 futures
contracts. They find that, in the index futures market, the principal source of uncertainty is lig-
uidity trading, rather than the diversity of private signals. Caballé and Krishnan (1995) estimate a
model involving multiple securities and short-lived information. They establish moment restric-
tions on prices and order flows, and estimate the model using GMM and maximum-likelihood
estimation. One important contribution of this paper is that the model being estimated and
tested features multiple informed traders acting strategically using long-lived information. We
use the data generated by an informational event, i.e., earnings announcements, and explicitly
investigate the nature of the signals received by the informed traders prior to the announce-
ments.

Accordingly, this paper attempts to answer several questions, including the following:

(i) Are there informationally motivated trades close to the time of earnings announcements?
(i) Are there multiple informed traders?
(iii) If so, do they trade on homogeneous information?
(iv) If the information is heterogeneous, to what degree are the signals correlated?
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(v) How much of the trading is conducted by informed traders, liquidity traders, and the market
maker? and
(vi) To what degree do informed traders and liquidity traders contribute to price volatility?.

The major findings of this study are (i) multiple informed traders with heterogeneous signals
appear to trade close to the earnings announcements, (ii) as the time of the announcements ap-
proaches, the number of informed traders increases, the adverse selection problem intensifies,
and the liquidity trading decreases, (iii) the structure of the information, i.e. whether it is homo-
geneous or heterogeneous, is of greater importance than simply the number of informed traders,
in explaining the trading activities close to the time of the announcements. Finally, (iv) the con-
tribution of informed trading to trading volume, as well as price volatility, increases as the time
of the announcements approaches.

The subsequent sections of this paper are organized as follows. Section 2 introduces the mod-
els and their moment restrictions for GMM estimation. Section 3 describes the data and the price
and trading volume normalization process. Section 4 discusses the estimation and testing strate-
gies. Section 5 presents the empirical findings, and Section 6 concludes with a summary.

2. Models

In this section, we introduce three models used for estimations: Foster and Viswanathan
(1996) (hereafter referred to as FV), Holden and Subrahmanyam (1992) (hereafter, HS) and
Kyle (1985). FV is the most general model among those derived from Kyle’s (1985) multi-
period model.? In FV, multiple informed traders trade using heterogeneous information. The
heterogeneity of the information is modeled by assuming that the informed traders receive not
identical, but correlated signals regarding the terminal value of the asset. The informed traders
are strategic in that they compete with each other for profits that they expect to make not only
from current trading, but also from future trading. In addition, the informed traders learn about
the other traders’ private signals by observing the history of net orders. This model serves as the
unrestricted model for this paper.

The other two models, HS and Kyle, are tested against FV. These models are restricted models,
in that they are nested in FV. In restricting the correlation characterizing the heterogeneity of
private information to one, FV is reduced to a model involving homogeneously informed multiple
traders. Models along the lines of HS and Foster and Viswanathan (1993b) fall into this category.
If it is further assumed that only one informed trader exists, FV is reduced to Kyle. The following
provides a brief description of the models and their implications on moment restrictions on price
volatility and trading volume.

2.1. Description of the models

In FV, three types of risk-neutral traders exist; a market maker, M informed traders, and a
number of liquidity traders. There are T trading periods, characterized by the following event
time-line. Both the market maker and the informed traders initially share common priors re-
garding the distribution of the liquidating value of the asset. Before trading starts, i.e. at time 0,

3 Cho (2004), HS, Foster and Viswanathan (1993a), and FV developed Kyle-variant models comparable to the present
model. Cho (2004) assumes that private information evolves during trading periods, while the others assume multiple
informed traders.
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information concerning the mean of the distribution is revealed to the informed traders. Each of
the informed traders receives a private signal that is correlated to, but may well be different from
those of the others. Formally, let the liquidating value be S. The ith informed trader receives a
signal s;¢ at the start of trading. Further, assume that S= po + Z,Ai 1 8i0, where py is the com-
mon prior about the mean of the terminal value of the asset. The signal vector for all informed
traders, (510, 520, - .., Spm0), is drawn from a multivariate normal distribution. The mean of each
signal is zero. Both the variance of each signal and the covariance between any two signals are
identical across informed traders. The variance and covariance of signals are denoted as A and
£20, respectively. In the context of our empirical analysis, this signal can be viewed as private
information regarding the upcoming earnings announcement.

Once trading starts, four events occur during each trading period ¢, fort =1, ..., T .4 First,
each of the informed traders updates valuation of the asset by observing the orders of the pre-
vious period. In doing so, the informed traders learn about other traders’ information, which
was partially revealed in past orders. Second, the informed traders submit orders which represent
changes in their demand. They act strategically in that when submitting their orders, they attempt
to maximize the expected sum of current and future profits.’ Third, the liquidity traders arrive at
the market and submit their orders. The market maker observes only the net order, which is the
sum of the orders from the informed traders and the liquidity traders. Finally, the market maker
sets the price so that it is equal to the expected liquidating value of the asset, and then the market
clears at this price.

The exogenous parameters of the model estimated are the number of the informed traders,
M, the initial informativeness of the price, 20,6 the parameter that characterizes the correlation
between individual signals, x, and the amount of liquidity trading, o,,.” Given the values of these
exogenous parameters, all of the endogenous parameters, including the parameters characterizing
liquidity in the market, A, and trading aggressiveness, f, are specified completely. Proposition 18
in FV shows the recursive linear Markov equilibrium that represents the endogenous parame-
ters as functions of the exogenous parameters. More detailed discussion on FV is provided in
Appendix A.

In FV, in which the informed traders receive correlated signals, it is necessary to define two
second moments of the distribution of private signals: the conditional covariance between two
private signals, §2;, and the conditional variance of each of the private signals, A,. One of the

4 In the empirical analysis, we use two specifications. First, in the intra-day analysis, we use price changes and trading
volumes leading up to earnings announcements in 30-minute intervals. In this set-up, each trading period can be inter-
preted as a 30-minute interval. Second, in the daily analysis, we use daily price changes and trading volumes leading up
to the announcements. In this specification, therefore, each period is a trading day.

5 An informed trader with short-lived information, as in Admati and Pfleiderer (1988), Hughson (1990) and Caballé
and Krishnan (1995) is myopic in that only current expected profits are maximized. This means that an informed trader
perceives no benefit in limiting the resolution of information for future profits. The informed trader in the present model
may trade less aggressively than would a myopic informed trader, particularly early in trading periods, in order to obtain
larger overall profits.

6 InFV, XY is the conditional variance of the sum of the private signals. In the present paper, however, X is defined
as the conditional variance of the average of the private signals. In other words, it is required to multiply X in the
present paper by M 2 in order to obtain Yo in FV. This presents no major problems, as both the sum and the average are
sufficient statistics for the liquidating value of the asset. This re-scaling will allow aligning of the meaning of X across
all of models estimated.

7 Inthe original FV model, there is another exogenous parameter: the initial prior. In the empirical component, instead
of estimating the parameter, the prevailing price is substituted at the beginning of each trading period for the initial prior.

8 In Appendix A, this proposition is renamed Proposition A.1.
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exogenous parameters, x, is defined as the difference between A; and £2;, i.e. x = A; — 2,0
and is used to measure the closeness between FV and HS. It is important to note that as FV
approaches HS, the correlation between the signals approaches one. As a result, x approaches 0.
Therefore, a small x indicates that the underlying model is close to HS. At the extreme, if x
becomes 0, the FV model is reduced to HS. This fact is used in the testing of FV against HS.
Similarly, the number of informed traders, M, reflects the closeness between HS and Kyle. As
HS approaches Kyle, M approaches 1. Therefore, in assigning a value of 1 to M, HS can be
tested against Kyle.

2.2. Moment restrictions on price volatility and trading volume

In this sub-section, we present a series of propositions that summarize the moment restrictions
on price volatility and trading volume implied by each of the three aforementioned models. These
conditional moments function as the orthogonality conditions in the GMM procedure. First, the
following proposition presents the conditional means of price volatility, trading volume and the
inverse market depth parameter, A, implied in FV.

Proposition 1 (FV: General Model). Given the history of prices, the conditional means of price
volatility and trading volume fort =1,2,..., T are

2 2 2 2 2
E(ApF | pretv-oopt) = MASV BV A+ MM — DAYV B 2 40V 02 (D)
E(TVi| pi—1,...,p1)

1
=5 AMVBE A o+ JMBE Ak M08 2 1 02). @

and

FV FV ﬂthe FV
E()‘z |Pt—1,-~-,P1)=)», 272, ) 3)

u

where 0 is a constant defined in Eq. (A.24) in Appendix A.

The proof for (1) and (2) is given in Appendix B. The expected price changes given in (1) have
three terms. These measure, respectively, the amount of price change attributable to (i) the degree
of residual ‘privateness’ of each of the informed trader’s private information, (ii) the degree of
learning by the informed traders regarding other informed traders’ information, and (iii) liquidity
trading.

In order to determine the conditional expectation of trading volume in (2), it is first required
to derive an appropriate definition of trading volume. As in Admati and Pfleiderer (1988), there
are three types of contributors to trading volume: M informed traders, liquidity traders, and the
market maker. The trading volume is defined as one-half of the sum of the absolute values of
orders submitted or received by the above market participants. For example, suppose that two
informed traders want to buy 5 and 3 shares, and that the liquidity traders want to sell 6 shares.
Then, the market maker observes the net order to buy 2 shares. The market maker then sets an
equilibrium price and absorbs the order. In this example, the total trading volume will be 8 shares,
which is precisely one half of (5+3) 46 42. The case in which both the informed traders and the

9 One of the properties of FV is that x is constant for all 7.
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liquidity traders submit orders in the same direction can be conducted in a similar fashion. In (2),
the first term represents the trading volume generated by the informed traders, the second term,
by the liquidity traders, and the last term, by the market maker. One of the primary advantages
of structural model estimation is that, once estimation is achieved, the relative importance of the
sources that determine price innovation and trading volume can be explicitly specified. This is
presented in subsequent sections.

In (3), we present the expected value of the inverse market depth parameter, A,F V. Since this
is not a stochastic variable, its expected value should be the parameter itself. The exact form is
from (A.15) in Appendix B. In this equation, 6 is the regression coefficient of the true value on
the average signal. Under the HS specification, this parameter becomes M. As illustrated later,
depending on the values of the exogenous parameters, the market depth can either increase or
decrease as time approaches the terminal trading period. Even though the FV model allows more
general intertemporal patterns for A7V, the essential characteristics implied in Kyle or HS spec-
ifications are well persevered. For example, A" is positively related to 8" and XV, while
negatively related to o,. Therefore, just as in Kyle or HS, the market depth increases as liquid-
ity trading intensifies, informed traders trade less aggressively, or the degree of informational
asymmetry becomes weaker.

Recall that by restricting some parameter values, either HS or Kyle can be obtained. In the
following propositions, we derive the conditional means of price volatility and trading volume
implied by HS and Kyle.

Proposition 2 (HS: Homogeneous Private Information). If x =0, i.e. the informed traders re-
ceive homogeneous private signals, then

2 2 2
E(AP2 | picty oo p1) = MBS BHS 50 4 315752 (4)

1
EATV, protsoo ) =\ s AMYBES S b0t 260 5 4 02). )

and

ﬂHSM
E(S | po 1,...,p1)=A{1’5=IU—2>:,HS (6)

u

fort=1,2,...,T
Proposition 3 (Kyle: Monopolistic Informed Trader). If there is only one informed trader receiv-
ing private information, then

Kyle? 4Kyl Kyle?
E(AP2 | proto.... pr) = A1 RN 5 30l 50 0

E(TV| piotoo ) =) 53— {\/ s o B E o+ a2, ®)

and
S Kl ke BE ki
E( ™ I piet ) =2 = = 50 9)

u

fort=1,2,...,T
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2.3. Intertemporal patterns of price volatility, trading volume, and the inverse market depth
parameter

In the estimation of the models, we use three observable series as moment conditions: price
volatility, trading volume and the inverse of market depth parameter, A. A commonality shared
by these three models is that each of the informed traders acts strategically, yielding specific
patterns in price volatility, trading volume, and market depth parameter. These patterns depend
on the level of correlation in the informed traders’ private signals, as well as on the number
of competing informed traders. In this subsection, we compare the intertemporal patterns of
price volatility, trading volume, and market depth implied by these models. In order to conduct
numerical evaluation, the values of the exogenous parameters must first be established, and then
the endogenous parameters are solved. For FV, we set the values of the exogenous parameters,
(M, X9, 0,), to (5, 1, 1), while changing the x value from 0.2, 1 to 2. The various values of x
imply that the correlation between the individual signals is 0.44, 0, and —0.11, respectively. We
then solve for the endogenous parameters, A;, f;, A;, and £2;. For HS and Kyle, x is set to 0.
When y is 0, it can be demonstrated that the endogenous parameters, A; and £2;, are both equal
to ;. For Kyle, M is further set to 1.!° Since we estimate the model over six trading periods in
the empirical analysis, we will also examine the numerical patterns over six trading periods.!!

With the values of the exogenous parameters given above, we solve for the endogenous pa-
rameters by using the recursive linear Markov equilibrium given in Eqgs. (A.13) to (A.29) in
Proposition A.1 of Appendix A. The key to solving the system is the variance of the signals, A.
Using the values of the exogenous parameters, the initial variance, Ao, can be evaluated by using
the relationship, Ao = (Xo+ MM — 1)x)/M 2 12 Since Proposition A.1 can be solved only via
backward induction, the precise A7 that corresponds to Ag must be determined. Exploiting the
uniqueness of the equilibrium, first, a search is made numerically for an internally consistent Ar.
Once Ar is obtained, the entire set of endogenous parameters is solved by backward induction.
The series of inverse market depth parameter, X;, is obtained via this process.

From the values of the endogenous parameters, the simulated series for trading volume, price
volatility and market depth are produced by utilizing the propositions from the previous section.
Figures 1 through 3 plot simulated trading volume, price volatility, and inverse of market depth,
respectively.

First, in Kyle, both price volatility and trading volume rise moderately as the time of the an-
nouncements approaches. However, the inverse market depth parameter, A, decreases moderately,
thereby implying that liquidity improves as the time of the announcements approaches. This re-
flects the controlled revelation of information by the monopolistic informed trader. The informed
trader trades less aggressively during the early stages of the trading periods, in order to maxi-
mize the overall expected trading profits. For HS, however, price and A change most significantly
during the first round of trading, whereas trading volume remains relatively flat throughout the
trading periods, with a slight increase occurring as the time of the announcement draws nearer.

10 In this numerical exercise, the value of Y that renders the endogenous parameters from HS consistent with those
from FV is 5. When using this parameter value, however, the price volatility for period 1 becomes too high (at over 20) to
make the patterns for the other cases recognizable. Therefore, this value has been normalized by the number of informed
traders. This change would not result in any material changes in the basic shape of the intertemporal patterns. In fact, the
expected trading volume will still be the same, even with X set to 5.

11" The basic shape of the patterns remains the same, even with more trading periods.

12 This relationship is given in Equation (8) of Foster and Viswanathan (1996).
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In this figure, we compare the intertemporal patterns of trading volume implied by Kyle, HS and FV with different levels
of correlation between private signals. In order to conduct a numerical evaluation of the models, it is first required to
solve for the endogenous parameters for each of the trading periods. For FV, the endogenous parameters are A, fr,
At, and £2;. When solving for the endogenous variables, we set the values of the exogenous parameters, (M, Xy, oy)
to (5,1, 1) respectively, while changing the value of x from 0.2, 1 and to 2. The various values of x imply that the
correlations between individual signals are 0.44, 0, and —0.11, respectively. For HS and Kyle, x is set to 0. For Kyle, we
set M to 1.

Fig. 1. Simulated trading volume.

In contrast to original model Holden and Subrahmanyam’s (1992), the trading volume for HS
in this paper does not reflect the well-known ‘rat race’ pattern. In other words, trading volume
does not reach the peak in the first round of trading. This arises from the fact that the defin-
itions of trading volume used in HS and this paper are different. In the original HS, what is
plotted is the expected orders submitted by the informed traders conditional on their signal,
ie. E(M x Axj; | v), where Ax;; represents the orders submitted by the ith informed trader in
period ¢ and v, the signal acquired by the informed traders. Therefore, the orders are likely to
be either buy or sell, depending on the sign of the private signal. Their numerical illustration is
for the case when the private signal is positive. In this case, recognizing that the other informed
traders would have received the same signal, the informed traders then simultaneously turn in
buy orders. As a result, the “rat race” pattern of buy orders is exhibited.

However, in this paper, we plot the expected frading volume conditional on the past prices,
ie. E(| X Axit |+ |Ay:| + |us| | p1--. pr—1), where Ay, are the net orders received by the market
maker, u;, the orders submitted by the liquidity traders. The statistical properties of trading vol-
ume defined in this way are quite different from that defined in the original HS. The key to the
difference is the conditioning variable. In order to have a ‘rat race’, the informed traders have to
turn in a rush of buy (or sell) orders up front given pg at the first round of trading. This however
is not possible in this paper, since the informed traders do not rush on public information. In fact,
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In this figure, we compare the intertemporal patterns of price volatility implied by Kyle, HS, and FV with different levels
of correlation among private signals. In order to conduct a numerical evaluation of the models, it is first required to
solve for the endogenous parameters for each trading period. For FV, the endogenous parameters are A;, Br, As, and
£2;. When solving for the endogenous variables, we set the values of the exogenous parameters, (M, X, o) to (5,1, 1)
respectively, while changing the value of x from 0.2, 1 and to 2. The various values of x imply that the correlations
between individual signals are 0.44, 0, and —0.11, respectively. For HS and Kyle, x is set to 0. For Kyle, we set M to 1.

Fig. 2. Simulated price volatility.

even in HS, if the conditioning variable were the past prices, the expected trading volume defined
in their specification would yield a 0 expected trading volume.'3 As a result, the expected trading
volume for the first period is not as great as that observed by Holden and Subrahmanyam.

The pattern of price volatility, however, reflects active trading by the informed traders during
the first round of trading similar in the original HS model.'* As presented in Fig. 2, the majority
of the price changes are expected to occur within the first round. This implies that the price at the
beginning of the second round already reflects the majority of the information contained in the
private signal.

In the Kyle and HS models, the shapes of the intertemporal patterns are robust to changes in
the exogenous parameter values. In the FV model, however, these patterns change with changes
in the correlation among private signals. As the correlation changes from positive to negative,
the intertemporal pattern of trading volume changes from a U-shape to a monotone increase.
The changes in the patterns of price volatility and A are even more conspicuous. With positively

13 Note that EM x AXjy | pr—1) = E(IMB: (v — pr—1) | pr—1) =0, as the next period’s signed net order flow condi-
tional on public information is equally likely to be a net buy or a net sell.

14 The price volatility in FV (0.44) also reveals a disproportionate amount of price discovery in the first round of trading.
Note that this is the case in which the private signals are positively correlated, and also that the information structure of
FV is somewhat similar to that of HS.
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In this figure, we compare the intertemporal patterns of the inverse market depth parameter, A implied by Kyle, HS, and
FV, with different correlation levels among private signals. In order to conduct a numerical evaluation of the models, it is
first required to solve for the endogenous parameters for each of the trading periods. For FV, the endogenous parameters
are A¢, B, As, and §2;. When solving for the endogenous variables, we set the values of the exogenous parameters,
(M, Xy, oy) to (5, 1, 1) respectively, while changing the value of x from 0.2, 1 and to 2. The various values of x imply
that the correlations between individual signals are 0.44, 0, and —0.11, respectively. For HS and Kyle, yx is set to 0. For
Kyle, we set M to 1.

Fig. 3. Simulated inverse market depth parameter, A.

correlated signals, price volatility and A both decrease monotonically over time, whereas with
negatively correlated signals, price volatility and A exhibit a monotonic increase. The latter case,
in which X increases as the announcement time approaches, can be generated neither by Kyle
nor by HS. Therefore, only FV is able to explain the empirically documented decrease in market
depth occurring near the time of announcement. '

3. Data

The sample moments of price volatility and trading volume are constructed from the prices
and trading volumes leading up to quarterly earnings announcements made by NYSE firms dur-
ing the months of July and October of 1998, and January and April of 1999. The announcement
data are obtained from the PR Newswire, in which each announcement is time-stamped to the
nearest minute. We run two sets of estimation: intra-day and daily. In estimating the model over

15 See Krinsky and Lee (1996) and Chae (2005) for example.
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different time intervals, we are able to observe whether the estimated number of traders and
the correlation among signals differ for the two time intervals. In the process of explaining the
results, the information acquisition process and the model itself can be better understood. The
data regarding daily series are acquired from the CRSP database, whereas those regarding intra-
day transaction prices and trading volumes are obtained from the TAQ database. In total, 2685
earnings announcements are in the original PR Newswire database. The final number of an-
nouncements employed in this paper is 2491 for the intra-day analysis, and 2518 for the daily
analysis. Missing price or volume data is attributable to the omission of the announcements.

In the theoretical model, the terminal trading period occurs when private information is re-
vealed to market participants. In other words, this is the time at which the price reflects the ‘true’
value of the asset. The timing of the actual announcement, however, cannot be regarded as the
time at which the content of the earnings announcement is fully reflected in the price. The mar-
ket would probably require some time to assess the nature of the announcement. Accordingly,
in this paper, it is assumed that at least 30 minutes are required for the price to correctly reflect
the informational content of an announcement. As a result, if an announcement was made after
3:30 pm EST, we take, for the intra-day estimation, the next trading day’s price at 9:30 a.m.,'
and for the daily estimation, we take the next day’s closing price as the terminal price. Once the
time of the terminal price is determined, we obtain 5 prices, trading volumes, and market depths,
leading up to the terminal price. For the intra-day estimation, this series is taken over 30-minute
intervals, while for the daily estimation, we use the daily series.

It is important to note that the moment restrictions provided in the preceding section are
expressed in terms of prices rather than as returns. This gives rise to the necessity for the nor-
malization of the price and volume series, as each firm has a different stock price level. This
normalization was accomplished as follows. For the sake of simplicity, let ‘period 6’ represent
the terminal period. Then, the value of a ‘variable’ of t periods prior to the earnings announce-
ment is denoted as the period 6 — ¢ ‘variable’. For example, the stock price 5 periods prior to the
announcement would be designated ‘period 1 stock price.” Now, in order to normalize the prices,
we first set the period O price to 100.!7 We then take the price series from period 1, and generate
a set of normalized stock prices. Once all the normalized prices have been calculated, the price
volatilities are calculated by taking the square of the difference between adjacent normalized
prices.

Once prices are normalized, trading volume should also be normalized. This is necessary
since the original trading volume is measured with respect to the original prices, i.e. prices that
are not normalized. Therefore, using the original trading volumes without normalization can
result in problems. For example, suppose that actual period O price and trading volume were
$50 and 100 shares, respectively, and period 1 price and trading volume, were $55 and 300
shares, respectively. Then, the normalized prices for the first two periods would be 100 and
110 respectively. In this case, the original trading volumes 100 and 300 may not be used, since
this would mean that the dollar trading volumes are $10,000 and $33,000 respectively, when
in fact the actual dollar trading volume is $5000 and $16,500. To circumvent this problem, the
trading volume is normalized in the following way. First, the period O stock price is divided
by the period O trading volume. In this example, this number will turn out to be 0.5. Second,

16 The reason that opening prices are omitted is two-fold. First, they are not determined by the specialists. Second, they
have been shown to behave differently from prices at other times.

17 One of the benefits of setting the initial price at 100 is that estimated parameters related to price changes can be
interpreted as percentages of prices.
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the normalized trading volumes are obtained by multiplying this number by the actual trading
volumes. For the above example, the period 0 and period 1 normalized trading volumes would be
0.5 (100) = 50, and 0.5 (300) = 150 shares. Note that, coupled with the normalized prices, this
procedure preserves the dollar trading volumes ($5000 and $16,500 respectively), and the fact
that period 1 trading volume is three times larger than period O trading volume.

After we obtain the normalized price and volume series, we evaluate the series of market
depth by dividing the absolute price change by the trading volume, i.e. InvD; = |Ap; /T V;|. A
larger InvD implies that the market is less liquid, so that the price must move more significantly
in order to accommodate one unit of trading volume. Therefore, this series can serve as a natural
sample moment for the inverse market depth parameter, A.

To further analyze these data, we group the whole sample into three sub-samples, according
to two criteria. First, we create sub-samples by sorting on firm size. Since large firms tend to
attract heavy coverage by the analysts, it is conjectured that the adverse selection problem is less
severe for these firms. For small firms, however, it is conjectured that the opposite would be the
case. We use the market capitalization as of the end of the month preceding the announcement as
the basis of sorting. For example, for firms announcing in July 1998, we take the firm size at the
end of June 1998. The resulting sub-samples are referred to as ‘Large Firms’, ‘Medium Firms’,
and ‘Small Firms’.

Second, we group the announcements by absolute price changes prior to the trading periods.
For the daily series, we utilize a one-day window, while for the intra-day series, we employ a one
hour window. In the notation, this corresponds to | pg — p—1| for the daily series, and | pg — p—»|
for the intra-day series. The resulting sub-samples are referred to as ‘Large Move’, ‘Medium
Move’, and ‘Small Move’. The announcements included in the ‘Large Move’ sample can then be
regarded as announcements made in the midst of great uncertainty, whereas the announcements
included in the ‘Small Move’ sample are those made in a less uncertain environment. Tables 1
and 2 show the summary statistics of the data for the intra-day and daily estimations.

First of all, for both intra-day and daily series, price volatility (A P?) and trading volume (TV)
are highest for the terminal period across all samples. The inverse market depth (InvD), however,
reveals somewhat different patterns for intra-day and daily series. In particular, for the majority of
the intra-day samples, InvD exhibits a U-shape as the time of the announcement approaches. For
the daily series, however, the patterns vary depending on the samples. In casually investigating
these patterns, it can be conjectured that only FV is a reasonable candidate in explaining the
trading environment prior to the earnings announcement.'® This is due to two reasons. First,
since HS predicts that the price volatility is highest at the beginning, it may not serve as the
reasonable model in that the actual price volatility is highest at the end. Furthermore, Kyle may
not be rejected by HS since the sharp decrease in the price volatility only occurs with more than
one informed traders with perfectly correlated signals. Second, HS and Kyle predict that liquidity
improves towards the end of the trading rounds, implying InvD is decreasing. The actual InvD,
however, does not reveal a decreasing pattern for the majority of the samples. Since only FV can
generate increasing, decreasing, U-shaped, or reverse U-shaped patterns of InvD, the patterns of
InvD also suggest that only FV is a reasonable model to apply.

18 As was discussed in the introduction, the true data generating process may well not originate from the narrow spec-
ifications of Kyle-variant models. ‘Identifying’ and testing for the true model is beyond the scope of this paper. Instead,
this paper attempts to estimate and test the informational structure inherent to the Kyle-variant models.



Table 1
Summary statistics and sample moments: intra-day series
Trading (M2) Large firms Medium firms Small firms
periods [830] [831] [830]
P AP? TV ) P AP? TV ) P AP? TV )

1 100.07 0.42 22.28 0.15 100.02 0.55 2.17 1.20 100.01 0.79 0.49 6.66
2 100.07 0.47 22.78 0.15 100.04 0.50 1.97 1.51 100.02 0.95 0.66 6.02
3 100.08 0.49 25.43 0.15 100.04 0.65 2.95 0.99 100.05 1.32 0.65 4.85
4 100.11 0.58 30.44 0.13 100.12 0.66 3.31 1.51 100.01 1.09 0.77 7.84
5 100.16 342 48.45 0.13 100.06 4.48 4.34 1.07 100.17 5.63 1.53 8.77
6 100.26 5.55 65.37 0.70 100.36 10.94 6.83 1.17 100.66 10.93 1.87 7.52
Trading Large move Medium Small move Whole sample
periods [830] move [831] [830] [2491]

P APZ TV 2 P APZ TV 2 P APZ TV 2 P APZ TV by
1 100.08 1.97 13.15 7.22 100.02 0.08 9.32 0.72 100.00 0.00 2.60 0.16 100.03 0.68 8.36 2.68
2 100.13 0.94 12.28 341 100.00 0.36 10.23 0.63 99.99 0.64 2.97 1.97 100.04 0.64 8.50 2.56
3 100.14 0.99 13.42 1.68 100.00 0.34 12.29 0.57 100.01 1.13 3.57 2.80 100.05 0.82 9.76 2.01
4 100.17 1.05 14.77 2.72 100.06 0.52 14.69 0.52 100.01 0.78 5.24 3.45 100.08 0.78 11.57 3.18
5 100.16 6.38 22.75 3.16 100.11 4.06 23.99 0.57 100.11 2.99 8.38 4.47 100.13 4.48 18.38 3.33
6 100.38 10.72 29.81 3.03 100.27 6.37 32.66 2.48 100.63 10.25 12.99 6.81 100.43 9.11 25.16 3.14

Notes. This table provides summary statistics of the normalized price (P), price volatility (A P?), trading volume (7V) and inverse of market depth series (/nvD). Each of the
periods corresponds to a 30-minute trading interval. ‘Period 6’ contains the earnings announcement, and represents the maturity of the theoretical model. The prices and trading
volumes are normalized as described in Section 2. The numbers in brackets, [ ], are the number of observations in the corresponding sample. Each of the numbers demonstrates
the cross-sectional averages across announcements. The trading volume is in 1000 normalized shares.
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Table 2
Summary statistics and sample moments: daily series

Trading (M2) Large firms Medium firms Small firms
periods [839] [840] [839]
P AP? vV 2 P AP? vV 2 P AP? vV 2

1 100.09 8.55 567.00 0.017 100.38 10.86 50.98 0.142 100.36 13.98 9.59 1.824
2 100.32 7.89 549.12 0.020 100.72 11.29 51.44 0.132 100.93 15.17 9.94 2.237
3 100.63 9.88 584.75 0.038 101.29 12.85 52.75 0.107 101.27 14.67 10.28 2.631
4 100.79 7.45 543.83 0.028 101.57 12.20 48.01 0.149 101.66 15.32 9.68 1.520
5 100.97 11.70 617.97 0.018 102.15 16.98 56.88 0.129 102.13 16.82 10.71 2.345
6 100.86 19.09 851.23 0.017 102.18 30.88 84.68 0.116 102.64 34.83 15.94 1.695
Trading Large move Medium Small move Whole sample
periods [839] move [840] [839] [2518]

P AP TV A P AP? TV 2 P AP TV A P AP?2 TV 2
1 100.84  31.55 25994 0.174 9991 2.14 141.14  0.103 99.98 0.19 89.10 0.080 100.27  11.13 209.25 0.661
2 101.72 2176 241.69 0392  100.22 7.44 14653  0.070  100.12 5.16 8836  0.080 100.66 1145 203.56 0.796
3 102.44  21.26 24334  0.091 100.63 8.77 15672  0.107  100.31 6.99 11325 0.117 101.07 1247 21599  0.925
4 102.83  20.09 21695  0.071 100.86 8.01 148.22  0.101 100.61 6.72 104.84  0.071 101.34  11.66 200.56  0.569
5 103.72 2446  243.16 0.033 101.19 11.36 17235 0.080  100.83 9.18 11837 0.088  101.75 15.16 228.59  0.831
6 10423  36.17 30449  0.091 101.38  17.04 213.81  0.102  100.83 1598 14836  0.100 101.89 2827 317.37  0.609

Notes. This table provides summary statistics of the normalized price (P), price volatility (A P?), trading volume (7V) and inverse of market depth series (1). Each period
corresponds to a one day trading interval. ‘Period 6 contains the earnings announcement, and represents the maturity of the theoretical model. The prices and trading volumes
are normalized as described in Section 2. The numbers in brackets, [ ], are the number of observations in the corresponding sample. Each number demonstrates the cross-sectional
averages across announcements. The trading volume is in 1000 normalized shares.
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Second, when the sub-samples sorted by the firm size are compared, various clear patterns
emerge. For both intra-day and daily series, TV is largest for the ‘Large Firms’ sample, second
for the ‘Medium Firms’ sample, and smallest for the ‘Small Firms’ sample. The order is reversed
for AP? and InvD. These are somewhat expected, since larger firms are believed to attract heav-
ier trading volume making the market deeper. With a deeper market, price volatility and the
sensitivity of price to orders becomes smaller. In summary, it can be expected that the adverse
selection problem would be the smallest in the ‘Large Firms’ sample. This is analyzed in greater
detail by estimating the models in the following section.

4. Estimation and test methodology

We estimate the models via the Generalized Method of Moments (GMM). The FV, HS,
and Kyle models are represented by their implications on expected price volatility and trad-
ing volume. Although the models’ state variables, i.e. private signals and liquidity trading, are
all unobservable, these models can be estimated, since the equilibria are expressed in observable
price volatility and trading volume.

There are three variables upon which the moment restrictions are constructed: price volatility,
trading volume, and the inverse of market depth parameter, A. The theoretical moments on price
volatility, trading volume and inverse market depth are provided in Eqgs. (1) through to (9) It is
straightforward to obtain the sample moments of price volatility and trading volume. The moment
restrictions for A are derived from the observation that this parameter is typically measured by
dividing price change by trading volume. We estimate the models for six trading periods leading
up to the earnings announcements. This implies that 18 moment restrictions are obtained: 6 on
the price volatility, 6 on trading volume, and the other 6 on A. More specifically, the moment
restrictions are as follows:

E(Ap? | po)

E(Ap? | ps,....po)
E(TVy| po)

E(TVs| ps, ..., po)
E(Ap1/T Vi | po)

E(Aps/TVs | ps, ..., po)
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In order to apply the GMM, we first obtain the sample moments via the evaluation of the cross-
sectional averages of normalized price volatility, normalized trading volume, and inverse market
depth, for each of the 6 periods. Then, using Egs. (10)—(12) as theoretical moments, we estimate
the parameters, by minimizing the distance between theoretical moments and sample moments.
In doing so, the distance is measured with regard to a weighting matrix. The standard two-stage
GMM methodology is then conducted, in which the first stage involves the use of an identity
matrix as the weighting matrix, and the second stage uses the optimal consistent weighting ma-
trix, which incorporates the Newey and West (1987) corrections for heteroskedasticity and serial
correlation.

A number of issues must be addressed. First, it is important to note that the data used in
this work encompasses four quarters’ worth of earnings announcements by different companies.
In addition, it is assumed that the individual announcements in the data set contain similar in-
formation structures, thus making a cross-sectional estimation feasible. Perhaps the best way to
estimate a model such as this is to estimate the model using the time-series of earnings announce-
ments by individual companies on the first pass, and then take the averages of the estimates on
the second pass. However, in practice, this is an impossible approach, because considering the
paucity of earnings announcements issued by a single company, it is impossible to estimate the
model on the first pass. In order to ameliorate the difficulty associated with pure cross-sectional
analysis, we use earnings announcements issued over different quarters, and then estimate the
model in a sub-group, for which we assume that the companies in the sub-groups have similar
information structures.
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Second, the reason the number of trading periods is limited to six is, principally because the
optimal weighting matrix explained above must be estimated as well as the exogenous parame-
ters. Since the size of the weighting matrix is (37 x 1), the more is added to the number of
trading periods, the more elements in the variance-covariance matrix will have to be estimated.
This, then, clearly would attenuate the power of the test.

Third, the exogenous parameters include the number of informed traders, M, the covariance
between any two signals, £2p, the difference between the initial variance and the covariance of
the signals, x,!° and the amount of liquidity trading, 0”2.

Finally, although the number of informed traders is an integer, in order to facilitate estimation,
it must be interpreted as if it were a real number. Since the estimate in the empirical section can
be interpreted as the cross-sectional average of informed traders at the firm level, this change
does not affect economic intuition regarding the interpretation of the equilibrium provided in
Proposition 1.2

In order to test the restricted models, HS and Kyle, against the general model, FV, we evaluate
the Distance Metric statistics (DM), as suggested by Newey and McFadden (1994).%! If Y repre-
sents the GMM estimator for the general model, and Y is the GMM estimator for the restricted
model, the DM statistic can be calculated as follows:

DM =21[0(Y) — 0(V)],

where n is the number of observations, and the Q(-)’s are the minimized values of the crite-
rion function, evaluated at the respective GMM estimates. As HS assumes a perfect correlation
among private signals, HS can be tested with the null hypothesis, such that x = 0. Under the
null hypothesis, the DM statistic converges to a chi-square with one degree of freedom. In addi-
tion, Kyle assumes that the number of informed traders is 1. In Kyle, therefore, the pertinent null
hypothesis is x =0 and M = 1, and under the null hypothesis, the DM statistic converges to a
chi-square with two degrees of freedom.

5. Empirical results

There are three parts to this section. We first estimate the parameters of the FV model. In
presenting the results, we start by briefly discussing the results from the daily series, and then
those from the intra-day series. We focus on the results from the intra-day series, since this time
frame is better suited for the market microstructure models. However, we present the results
from the daily series first since the daily series starts earlier than the intra-day series in calendar
time. This assists in explaining the intertemporal changes in the parameter estimates. Second part
shows the results from testing the restrictions of HS and Kyle against the FV model. Last, we
use parameter estimates of the FV model to measure the contributions of the informed traders,
market maker and noise traders to trading volume and price volatility. The second and last parts
are done using the intra-day series.

19 The difference between the conditional variance and covariance of the private signals is a constant. Therefore, by
estimating any two of A, £20 and x, it is possible to identify all three parameters. In the following section, we estimate
20 and . As x is positive, a constrained minimization is undertaken, in which y is constrained to be positive.

20 Foster and Viswanathan (1995) also estimate the model, assuming that the number of informed traders is a real
number. In the estimation process, this parameter is constrained to be larger than 1. With the number of the informed
traders being less than one, the equilibrium is undefined.

21 This statistic is analogous to the Likelihood Ratio statistic in the Maximum Likelihood Estimation.
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5.1. Parameter estimates

5.1.1. Daily series

Table 3 reports the parameter estimates of the FV model using the daily series. This table also
reports the correlation coefficient of the private signals, p, which is evaluated by the division of
20 by Ag. Panel A presents the estimates for the sub-samples, in which sampling is conducted
according to firm size. Panel B, on the other hand, provides estimates for the sub-samples, in
which the sampling is conducted according to absolute price changes prior to trading rounds.

First, the number of informed traders is, generally, estimated to be larger than one. In fact,
for all the samples except ‘Large Move’ the number of informed traders is significantly greater
than one. When the results from the sub-samples are compared, the ‘Large Firms’ and the ‘Large
Move’ samples are estimated to have the fewest informed traders in their respective groups.

Second, the estimates for initial price informativeness decreases with the firm size, suggesting
that the initial level of informational asymmetry is inversely related with the firm size. This is
reasonable in that the number of analysts whose activities produce information about the com-
pany increases with firm size. As a result, entering into the trading rounds, the traders face a
lesser degree of an adverse selection problem as the firm size becomes larger.

Table 3
Parameter estimates of the general model for daily series
Number of Initial price Ag — $29, Correlations Intensity of
informed informative- X of private liquidity
traders, ness, signals, trading,
M (=2 P ou
Whole Sample 535" 1295 7351 —0.1200 337.32""
[2518] (0.056) (0.000) (0.000) (0.000)
Panel A: Sub-samples by firm size
Large Firms 458" 0.12"** 101.89™" —0.2792 950.12""*
[839] (0.000) (0.000) (0.000) (0.000)
Medium Firms 7.66"" 11.94™ 36.07"" —0.0675 87.74"*
[840] (0.009) (0.000) (0.000) (0.000)
Small Firms 6.49" 14.20""* 70.46""* —0.0943 18.58™"
[839] (0.098) (0.000) (0.001) (0.000)
Panel B: Sub-samples by |po — p—1]|
Large Move 2.15 1375 82.13™* 0.0319 359.39™
[839] (0.168) (0.000) (0.000) (0.000)
Medium Move 791" 12.06™ 10171 —0.1156 249117
[840] (0.067) (0.007) (0.003) (0.000)
Small Move 8.92" 13.69 246.84™ —0.1143 145.87""
[839] (0.050) (0.119) (0.038) (0.000)

Notes. This table provides the GMM estimates of the general model based on the report of FV for the daily series. The
model is estimated using the normalized price volatility and the normalized trading volume. For details on normalization,
refer to Section 2. Four parameters are to be estimated: the number of informed traders, M, the initial informativeness of
price, X, the difference between initial variance and covariance of the signals, x, and the amount of liquidity trading,
oy This table also provides the estimates of the correlation coefficient between any two private signals, p. The numbers
in [ ] present the number of observations in the corresponding sample. The GMM estimators are asymptotically normally
distributed. The numbers in () are the p-values of the estimates. However, for M, the null hypothesis is whether the
number of informed traders is larger than 1.
" The null hypothesis is rejected at a significance level of 10%.

™ Idem, 5%.

' Idem, 1%.
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Third, the parameter estimates of intensity of liquidity trading increase with the price volatility
leading into the trading rounds. For example, the liquidity trading is largest for the ‘Large Move’
sample. This is consistent with Bloomfield et al. (2006), which show in experimental settings
that the noise trading is largest in a high volatility environment. It appears that liquidity traders
want to execute trades when the stock price is moves significantly.

Fourth, unlike the other samples, only the ‘Large Move’ sample reveals positive correlation
among the signals. As the correlation becomes closer to one, the model converges to HS in which
the informed traders submit orders simultaneously, increasing the price volatility at the beginning
of the trading periods. Therefore, the reason that a positive correlation for this sample is achieved
is due to the high price volatility in the first period. If we investigate the realized price volatility
(AP?) in Table 2, we observe that the ‘Large Move’ sample has relatively large first period
price volatility compared to that of the terminal period. The average ratio of the first period price
volatility to the terminal period volatility for all the other 8 sub-samples is approximately 15%.
The same ratio for the ‘Large Move’ sample is about 90%. The high first period price volatility
for this sample appears to originate from the persistence in volatility. In other words, the previous
day’s high volatility is probably being spilled over into the first day.

Last, recall that the more negative the correlation between signals becomes, the greater
the stock of information. The parameter estimate is smallest for the ‘Large Firms’ sample at
—0.2792. This suggests that even though these companies have the least initial adverse selection
problem and the fewest number of informed traders, they attract informed traders who can learn
more from one another than the informed traders would about smaller firms.

5.1.2. Intra-day series

Table 4 presents the parameter estimates of the FV model using the intra-day series. It is
important to note that the initial observation in the daily series is made six days prior to the
announcements, whereas that in the intra-day series is made three hours prior to the announce-
ments. Therefore, within the context of the estimation strategy, the changes of estimates from
daily to intra-day estimations reflect changes in the trading environments, as the time of the
announcements approaches.

First, as the time of the announcements approaches, the number of informed traders increases
dramatically. If the “Whole’ samples are compared, the number of informed traders increases,
from approximately 5 to 300. This result provides evidence that the number of informed traders
is not constant as the time of the announcements approaches, and that more traders are acquir-
ing private signals. Therefore, a more realistic theoretical model would take into consideration
the endogenizing of the number of informed traders, as a function of time to the revelation of
information.

FV show that, even though the informed traders are endowed with positively correlated
signals, as time approaches maturity, the conditional correlation among the signals decreases
gradually. This decrease occurs because the market maker learns more about the ‘average’ of the
signals than about individual signals. In fact, s/he will never learn about the individual trader’s
signal. As a result, the correlated component of the signal is revealed to the market maker quickly
since it causes informed traders to trade similarly leading to large volumes, but that the un-
correlated component is more difficult for market makers to detect in volume. Eventually, the
remaining component of the signal is negatively correlated.

Learning by the market maker, and its implications with regard to the correlation among
private signals, does not appear to be confirmed by the empirical results. Except for the ‘Large
Move’ sample, for which the positive correlation becomes negative, the estimated correlations
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Table 4
Parameter estimates of the general model for intra-day series
Number of Initial price Ag — 829, Correlations Intensity of
informed informative- X of private liquidity
traders, ness, signals, trading,
M (zp'? P ou
Whole Sample 291.75™ 740" 055" —0.0023 6.29""
[2:491] (0.020) (0.000) (0.000) (0.000)
Panel A: Sub-samples by firm size
Large Firms 332,56 3.99™ 0.18" —0.0022 1531
[830] (0.000) (0.000) (0.004) (0.000)
Medium Firms 142,98 559" 2.00" —0.0063 243"
[831] (0.001) (0.000) (0.089) (0.000)
Small Firms 259.29""* 13.99"** 82.57 —0.0148 0.68"""
[830] (0.005) (0.000) (0.283) (0.000)
Panel B: Sub-samples by |po — p—»|
Large Move 212.53 6.04"" 1.06™" —0.0040 8.84™
[830] (0.201) (0.000) (0.000) (0.011)
Medium Move 350.05""* 5.31 0.64""* —0.0025 8.19"
[831] (0.000) (0.366) (0.000) (0.000)
Small Move 259.29""* 8.29 3,79 —0.0036 3.2
[830] (0.000) (0.443) (0.001) (0.000)

Notes. This table provides the GMM estimates of the general model, based on the work of Foster and Viswanathan (FV)
for the intra-day series. The model is estimated using the normalized price volatility and the normalized trading volume.
For details on normalization, refer to Section 2. Four parameters are to be estimated: the number of informed traders,
M, the initial informativeness of price, X, the difference between initial variance and covariance of the signals, yx, and
the amount of liquidity trading, o;. This table also provides the estimates of the correlation coefficient between any
two private signals, p. The numbers in [ ] present the number of observations in the corresponding sample. The GMM
estimators are asymptotically normally distributed. The numbers in () are the p-values of the estimates. However, for M,
the null hypothesis is whether the number of informed traders is larger than 1.

* The null hypothesis is rejected at a significance level of 10%.
sk
Idem, 5%.
7 Idem, 1%.

for intra-day series are larger than those for daily series. In other words, it appears that the
conditional correlation increases rather than decreases as time approaches the announcements.
For example, for the “‘Whole’ sample, the correlation increased from —0.12 to —0.0023. One way
of explaining this seemingly contradictory result is to explain the increase in correlation with the
increase in number of informed traders. In the daily series a fewer number of informed traders
endowed with more negatively correlated signals trade. The stock of information is larger in this
case, and the informed traders have less incentive to trade aggressively at earlier trading rounds.
However, as time passes, more traders receive signals, and accordingly in the intra-day series, a
larger number of informed traders have less negatively correlated signals, implying that the stock
of information is less than in the daily series. Again, the parameters of the models change over
time, and this is another area that the theory needs to address.

Next, the level of liquidity trading decreases as the time of the announcements approaches.
Recall that o,, for the daily series estimates the level of liquidity trading over a trading day, while
for intra-day series, it estimates the level of liquidity trading over a thirty minute interval. As
there are 13 30-minute intervals in a trading day, in order to heuristically compare the two sets
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of estimates,?” the estimates from the intra-day series should be multiplied by 3.6, which is the
square root of 13. Then, for all samples the daily amount of intra-day liquidity trading is much
smaller than the liquidity trading from the daily series. In fact, the ratios of the former to the latter
range from 6 to 13%. In the case of the “Whole’ sample, the daily amount of intra-day liquidity
trading is approximately 23, while the liquidity trading from the daily series is 337, yielding
7% for the ratio. It is evident that, near the time of the announcements, the liquidity traders re-
duce their orders, thereby rendering the market less liquid. This confirms the findings reported
by Krinsky and Lee (1996), in which the adverse selection component of the bid-ask spread in-
creases near the time of the announcements. In addition, as in the case of the numbers of informed
traders, the intensity of liquidity trading is also altered as time progresses. This may indicate a
market in which the likes of Admati and Pfleiderer’s (1988) discretionary liquidity traders time
their trades in order to minimize their expected losses. These timing activities conducted by the
liquidity traders may also contribute to the cross-sectional variations of the estimates over the
sub-samples. For both daily and intra-day series, the intensity of liquidity trading is positively
related to firm size. As was the case with the daily series, when the sub-samples sorted on pre-
ceding absolute price change are analyzed, the intensity of liquidity trading is positively related
to the preceding volatility for both daily and intra-day series.

Now, the issue of initial informativeness is discussed. In five out of seven cases, this parame-
ter is significantly estimated. This value roughly measures the level of uncertainty heading into
trading rounds. A larger estimate implies a less informative initial price. First, if the sub-samples
are investigated, the informativeness increases with the firm size. This is reasonable in that a
larger number of analysts produce more information for larger firms. Second, if we compare the
results between the daily and intra-day analyses, we find that the adverse selection sharply in-
creases near the announcements. Note that like the case of liquidity trading, the estimates for the
intra-day estimation measures volatility over 30 minute intervals. Therefore, in order to compare
the values fairly, the intra-day estimates must be multiplied by the square root of 13. Then, for
all samples, the daily amounts of intra-day estimates are greater than that of daily estimates, im-
plying an increase in the adverse selection problem. More specifically, for all samples except, the
‘Large Firms’ sample, the daily amounts of intra-day estimates are approximately 1.5 times to
3.5 times larger than the daily estimates. For the ‘Large Firms’ sample, due to the low estimate
for the daily series, the intra-day estimate is literally more than 100 times greater than the daily
estimate.

In summation, the results from Table 3 and 4 characterize the market before the announce-
ments as the one in which, with the time of announcements drawing near, a multiple and increas-
ing number of informed traders trade on their private signals, and learn about the other traders’
private signals, while the adverse selection intensifies, and the liquidity trading decreases.

5.2. Test of models: heterogeneous vs. homogeneous information

In this section, we test the validity of the assumptions imposed in the two restricted models:
HS and Kyle. The HS model is derived from the FV model, via the assumption that the informed
traders receive homogeneous information, whereas Kyle is derived by further assuming that the
informed trader is monopolistic. The results of the tests using intra-day series are reported in

22 This is exact if the liquidity trading over each of the thirty-minute intervals is independent, which is precisely the
assumption of the theoretical model.
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Table 5.2 The panels A and B present the DM statistics for the sub-samples, in which sampling
is conducted according to firm size and absolute price changes, respectively.

For all of the samples tested, both HS and Kyle are soundly rejected against FV. When the
Kyle model is tested against the HS model, Kyle is not rejected. Moreover, in this case, the
DM statistics are uniformly small, ranging from 0.002 to 0.066, implying that merely changing
the number of traders from one to many, coupled with the retention of information homogene-
ity, improves performance of the model only slightly. In other words, immediately prior to the
earnings announcements, relaxing the assumption of the monopolistic informed trader does not
improve the effectiveness of explaining the data, unless it is accompanied by the relaxation of
the assumption of homogeneous information. Therefore, it is the structure of the information, i.e.
homogeneous vs. heterogeneous, that adds empirical value to market microstructure modeling,
rather than the number of informed traders present at least three hours before the announcements.
The primary reason HS does not outperform Kyle appears to rely on the fact that a rat race does
not exist among informed traders at the beginning of trading periods. In fact, Table 1 indicates
that, for all the samples, Ap? increases as the time of the announcements approaches.

Table 5
Test of models for intra-day series
Kyle vs. HS HS vs. FV Kyle vs. FV
x2(1) under Kyle %2(1) under HS x2(2) under Kyle
Whole Sample 0.005 223714 223.720"**
[2491] (0.943) (0.000) (0.000)
Panel A: Sub-samples by firm size
Large Firms 0.002 148.515™" 148.516™"
[830] (0.968) (0.000) (0.000)
Medium Firms 0.003 89.812""" 89.815"
[831] (0.954) (0.000) (0.000)
Small Firms 0.066 72,698 72765
[830] (0.797) (0.000) (0.000)
Panel B: Sub-samples by |pg — p—3|
Large Move 0.005 42.620™" 42625
[830] (0.943) (0.000) (0.000)
Medium Move 0.007 147.730" 147.737°
[831] (0.934) (0.000) (0.000)
Small Move 0.034 31.753" 31.787"
[830] (0.854) (0.000) (0.000)

Notes. This table provides the DM (Distance Metric) statistics for the testing of the models of homogeneous information
against the general model of heterogeneous information. There are two models of homogeneous information: HS and
Kyle. In HS, the informed traders receive an identical signal. In Kyle, there is only one informed trader. We first estimate
FV, HS, and Kyle, and obtain DM = 2n[Q(7) - Q(?)], where n is the number of observations, Q(V), the minimized
value of the criterion function evaluated at the GMM estimates for the restricted model, and Q(?) is the minimized
value of the criterion function evaluated at the GMM estimates for the unrestricted model. In Kyle vs. HS, HS serves
as the unrestricted model. In the other two cases, FV is the unrestricted model. The numbers in [ ] are the number of
observations in the sample, while those in () are the p-values of the estimates.

*** The null hypothesis is rejected at a significance level of 1%.

23 The tests are conducted using the daily series. The results are similar to those using the intra-day series, and will not
be reported for the sake of parsimony. The results can be provided upon request.



J.-W. Cho / J. Finan. Intermediation 16 (2007) 117-149 141

In summary, the assumption of homogeneous information is strongly rejected. The HS model
possesses little empirical value. We should not, however, jump to the conclusion that the HS
model is insufficient to explain the information dissemination process at times proximal to the
earnings announcements. Unlike the testing of Kyle or FV, knowledge of the exact timing of the
informed traders’ acquisition of information is critical in testing HS. This is because, in HS, the
majority of the trading activities occur at the beginning of the trading periods. If the timing of
the information acquisition is miss-specified, and set either too early or too late, the HS model
is very likely to be rejected. If the time is set too early, the rat race would appear in the middle
of trading rounds, or if the time is set too late, it would never shows up at all. For the Kyle or
FV models, however, as long as heavy trading activities occur within the last trading round, these
models are unlikely to be rejected, even if the timing of information acquisition is miss-specified.

5.3. Decomposition trading volume and price volatility

One of the benefits of structural model estimation is the possibility not only of the identi-
fication of the underlying sources which bring about changes in observable variables, but also
the quantification of the source’s relative contributions to changes in the observable variables. In
this section, the relative contributions of each of the market participants to the expected trading
volume and price volatility are documented.

First, we analyze trading volume. As an illustration, from the point estimates of FV for the
‘Whole’ sample using intra-day series, the expected trading volume for each period is evaluated
using Eq. (2). The first term in Eq. (2) is the portion contributed by the informed traders, the
second term, by the liquidity traders, and the final term is the portion contributed by the market
maker. We then quantify, as a percentage, the relative contributions of the informed traders,
liquidity traders, and the market maker to the expected trading volume. The results of these
evaluations are reported in Table 6.

As demonstrated, the relative contribution of the informed traders increases as the time ap-
proaches maturity. This is due to the fact that the informed traders become more aggressive as the
announcement approaches. However, contributions by both the liquidity traders and the market
maker decrease as the time approaches maturity. The decrease in the contribution of the liquidity

Table 6

Trading volume decomposition

Trading Sample Estimated Informed Market Liquidity
periods moments moments traders maker traders

1 8.36 8.49 0.756 0.123 0.121

2 8.50 9.14 0.773 0.115 0.112

3 9.76 10.05 0.793 0.105 0.102

4 11.57 11.43 0.818 0.093 0.090

5 18.38 13.86 0.848 0.078 0.074

6 25.16 19.65 0.890 0.058 0.052

Notes. This table shows the intertemporal changes in the proportion of expected trading volumes contributed to by the
informed traders, the market maker, and the liquidity traders. From the point estimates of FV for the “Whole’ sample
using intra-day series, the expected trading volume for each of the periods is evaluated using Eq. (2). The first term in
Eq. (2) is the portion contributed to by the informed traders, the second term, by the liquidity traders, and the final term,
the market maker. We then quantify, as a percentage, the relative contributions of the informed traders, liquidity traders,
and the market maker to the expected trading volumes. The second column of the table provides the sample moments
of trading volume. They are identical to those provided in Table 1. The third column provides estimated theoretical
moments, which serve as the basis of decomposition.
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Table 7

Price volatility ( Apz) decomposition

Trading Sample Estimated Informationally Liquidity

periods moments moments motivated trades
trades

1 0.68 2.02 0.044 0.956

2 0.64 223 0.047 0.953

3 0.82 2.56 0.056 0.944

4 0.78 3.08 0.072 0.928

5 4.48 4.06 0.102 0.898

[§ 9.11 6.59 0.184 0.816

Notes. This table provides the intertemporal changes in the proportion of price volatility contributed to by the informa-
tionally motivated trades and the liquidity trades. From the point estimates of FV for the ‘Whole’ sample using intra-day
series, the price volatility for each of the periods is evaluated using Eq. (1). The first two terms in Eq. (1) are the portion
contributed by informationally motivated trades, and the third term, by the liquidity trades. We then quantify, as a per-
centage, the relative contributions of the informationally motivated trades and the liquidity trades to the price volatility.
The second column of the table provides the sample moments of Apz. They are identical to those provided in Tables 1.
The third column shows the estimated theoretical moments, which serve as the basis of decomposition.

traders is rather unsurprising, as the absolute amount of liquidity trading is assumed to remain
constant, whereas the overall expected trading volume increases. What is interesting, however,
is the fact that the contribution by the market maker also decreases. Note that the market maker
fills the net orders. Therefore, the fact that the proportion of the net orders decreases with liquid-
ity trading held constant indicates that the proportion of orders crossed by the informed traders
must be increasing. This stems from the fact that, as time progresses, informed traders learn from
one another, reducing the correlation among the signals. In this process, they eventually reach
opposite positions.

Second, with regard to price volatility, we conduct a similar exercise. According to the point
estimates of FV for the Whole sample using intra-day series, the price volatility, Ap?, for each
period is evaluated using Eq. (1). The first two terms in Eq. (1) represent the portion contributed
by the informationally motivated trades, and the second term, by the liquidity trades. We then
quantify, as a percentage, the relative contributions of the informationally motivated trades and
the liquidity trades to the price volatility. The results of these evaluations are presented in Table 7.

Similar to the case of trading volume, the relative contribution by the informationally moti-
vated trades increases as time approaches maturity. This, again, is due to the fact that the informed
traders become more aggressive, whereas the liquidity traders submit constant orders.

6. Conclusion

In this paper, we estimate a theoretical model of strategic informed trading developed by
Foster and Viswanathan (FV), in which multiple informed traders receive heterogeneous private
signals regarding the terminal value of the asset. This model nests two simpler models: that of
(i) Holden and Subrahmanyam (HS) in which multiple informed traders receive homogeneous
private signals, and that of (ii) Kyle (1985), in which the informed trader is assumed to be monop-
olistic. From the equilibria of these models, we derive the moment restrictions on price volatility,
trading volume, and inverse market depth parameter. Using the price and volume data for the
six trading days—for the daily series—, and three hours—for the intra-day series—leading up to
the earnings announcements, we estimate and test these models via the Generalized Method of
Moments (GMM).
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The principal findings of this study are (i) multiple informed traders with heterogeneous sig-
nals appear to trade close to the earnings announcements, (ii) as the time of the announcements
approaches, the number of informed traders increases, the adverse selection problem intensifies,
and the liquidity trading decreases, (iii) the structure of the information, i.e. whether it is homo-
geneous or heterogeneous, is of greater importance than simply the number of informed traders,
in explaining the trading activities close to the time of the announcements. Finally, (iv) the con-
tribution of informed trading to trading volume, as well as price volatility, increases as the time
of the announcements approaches.

As a concluding remark, it is important to emphasize that the process of structural model
estimation is a limited one, in that theoretical models are likely to be miss-specified as a re-
sult of heavy structure imposed by the simplifying assumptions. For example, the Kyle-variant
models estimated in this paper do not directly take into consideration the inventories maintained
by the specialists, nor do they consider the role of public information regarding new events or
up-coming announcements. In addition, the Kyle-variant models assume that exogenous parame-
ters, including the number of informed traders, liquidity trading, and other information-related
parameters are constant during the trading rounds. These issues are extremely difficult to handle,
but, in this paper, the constant parameter assumption is addressed, at least in part, via the esti-
mation of the models over two different time horizons. Evidence is found to suggest that these
parameters do, indeed, change as the time of the announcements approaches. In fact, the number
of informed traders appears to increase with time, and we believe that the provision of empirical
evidence regarding this effect constitutes an important contribution to the relevant literature. The
job of theoretical modeling of endogenizing the number of informed traders, as well as deter-
mining its impact on equilibrium order-submitting and price-setting strategies, is left as future
research.
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Appendix A. Derivation of Foster and Viswanathan (FV)

In this appendix, we discuss more in detail the structure of the general model, FV, and the
equilibrium thereof. For the formal proofs, please refer to Foster and Viswanathan (1996).

A.l. Structure

As was mentioned in this paper text, in FV, three types of risk-neutral traders, a market maker,
M informed traders and a number of liquidity traders trade in the market over T trading periods.
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Prior to trading, i.e. at time 0, each informed trader receives a private signal which is correlated
to, but may well be different from the others’.

Let the liquidating value be S. The ith informed trader receives a signal s;o at the start
of trading. Further, it is assumed that S = po + Z,Ai 1 5i0, where pg is the common prior
about the mean of the terminal value of the asset. The signal vector for all informed traders,
(5105 820, - - - » SM0), 18 drawn from a multivariate normal distribution. The mean of each signal
is zero. Both the variance of each signal and the covariance between any two signals are iden-
tical across the informed traders. The variance and covariance of signals are denoted by Ay,
and £2, respectively. In addition, there are a number of liquidity traders who submit a random
liquidity demand, u,, at period ¢. We assume that u; is normally distributed with mean 0 and
variance 03. We further assume that the liquidity trading is independent of all the other random
variables.

At the beginning of period ¢, the ith informed trader updates valuation of the asset’s liquidat-
ing value, and submits orders representing request for changes in holdings, Ax;; = xj; — xj;—1.
The market maker then observes the net order flow, Ay, = Z,Ail Ax;is + uy, and sets the period-¢
price so that

pr=E(S|Ay1, Aya, ..., Ayr). (A.1)

In choosing Ax;; the ith informed trader uses his initial private signal and the history of net order
flows so that E (7;; | si0, Ay1, Aya, ..., Ayr) is maximized, where

T T
mir =Y (S — pr)Axic <= S(ir = xi) = ) _ pr Axir)- (A2)

=t =t

It is necessary to provide definitions to several important variables and parameters before pro-
ceeding with the equilibrium. FV is unique due to the heterogeneity of private signals observed
by each informed trader, both the market maker and the informed traders create inferences about
the signals. In particular, at the beginning of period ¢ + 1, after having observed the order flows
(Ay1, Aya, ..., Ay;), the market maker updates his estimate of the signal of the ith trader, s;q,
to

tit=E(sio | Ay, Ayz, ..., Ayp). (A.3)
Let the estimation error be s;; = s;0 — t;;. Finally, we define the variables that measure the re-
maining information at the end of period-¢:

% =Var(S | Ay1, Aya, ..., Ayr) = Var(S — p;), (A4)

Ap = Var(sio | Ayr, Ayz, ..., Ay) = Var(sio — tir) = Var(sis), (A.5)

£2, = Cov(sio, sjo | Ay1, Aya, ..., Ay1) = Cov(sio — tir, Sjo — tj1) = Cov(sis, sj1). (A.6)

Here, X, is the conditional variance of the liquidation value; A;, the conditional variance of
trader i’s signal, s;0; and £2;, the conditional covariance between any two signals, s;0 and s jo. It
can be demonstrated that these measures are inter-related, and in particular,

Ay — 2, =x forallzt. (A7)
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A.2. Equilibrium

The equilibrium notion originates from Kyle (1985) and is provided below. First, the ith in-
formed trader’s period-¢ order submitting strategy is defined by

Xir = Xir (5i0, Ay1, Ayz, ..., Ayi—1), (A.8)

and the market maker’s period-¢ pricing rule is defined by
pr=Pi(Ay1, Ayz, ..., Ayp). (A.9)

Definition. A Bayesian Nash equilibrium of a trading game is an M + 1 vector of strategies,
(X1,..., X7, P), where X; = (X;1,..., X;r) with X;0 =0, and P = (Py, ..., Pr), such that
the following Profit Maximization and Market Efficiency conditions are satisfied; i.e.,
() forany I =1,...,Mandallz=1,..., T we have for all X = (X}, ---X/,),
E{]Tt(Xlﬂ""Xi""’XM’P) |S10’Ay1""’Ayt_1}
2 E{n[(XI, ~~-le{s ~~~5XM1 P) |Si03 Ayls RN A)’t—l}§

@) forallt=1,...,T,

pt=E(§ | Ayl,Ayz,...,Ayl).

Given the structure of the model and the definition of the equilibrium, we solve for a linear
Markov equilibrium. In other words, we search for equilibrium where an informed trader’s order
submitting strategy, market maker’s learning about the signal vector, and market maker’s learning
about the true value of the asset take the form:

Xit = BrSit—1, (A.10)
tit = tir—1 + & Ayr, (A.11)
Pt = Pr—1+ At Ayr. (A.12)

Now, we are in the position to give the necessary and sufficient condition for a recursive linear
Markov equilibrium described above. They are stated in the following proposition. For the sake
of parsimony, the proof and detailed discussion on the equilibrium is not provided.

Proposition A.1. The necessary and sufficient conditions for a recursive linear Markov equilib-
rium are:

B, = ne = My , (A.13)
Al + A+ ¢ (M — 1)1 — (A9 /0))}
= (L2000 = Cafy(M = 1/6)) A
20 (1= paeAr)
BME
A= ’9%2 L (A.15)

plus the value function variables

AP
0

2
a1 = [ = mB {1+ M = 1)t } ] +Olt|:1 - {14+ - 1)¢t}] ) (A.16)
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 hB(M — 1)}

K”z—l=[’7t—)»zﬂt{1+(M—1)¢t}]%—)~t7/t/31+,31{1 5

A ABr(M —1
1= 2 - e |[1- 2ECED | (A17)
A B (M —1) A B (M —1) 2
Mtlz_klytz‘i‘yt{l_HT}+N«t{1_%_)‘t% , (A.18)
a2 A2p2
Si—1 =26+ ézt op + tezt {(M = 1) Var(sji—1 | si0, 1, ¥2, -, D }
)L2,32
+a; ;Qt {(M —2)(M —1)Cov(sji—1, ski—1 | Si0. y1. y2 - Y1)} (A.19)
where ar = Y1 = ur =61 =0 and
¢ = $2i-1 , (A.20)
Ay
0
N = M{l + (M = 1)1}, (A.21)
A - 27,
Var(sj;—1 | $i0, Y1, ¥2, .- Y1) = ————, (A.22)
A
21 1(Ar—1 — £2¢-1)
COV(sji—t Skt 1810, Y1, Y2, y1) = e (A23)
l‘7
with
0=xM, and (A.24)
= cox = (A.25)
(AolAo + (M —2)820] — (M — 1)£27)
where c is the covariance between the true value of the asset and each signal.
Furthermore, the second order condition,
A(1—pdy) >0 and (A.26)
the following recursive equations on the information variances must hold:
M
¥, = (1 - e”gf)zt], (A.27)
M A
A=Ay -2ty (A.28)
0% 6
M A py
2, =81 — 9—272,_1. (A.29)

In this equilibrium, there are five exogenous parameters: the number of the informed traders,
M, the variance of private signal, Ag, the covariance between two signals, £2¢, the unconditional
mean of liquidating value, pg, and the amount of liquidity trading, O’MZ. In the estimation part,
however, po will be replaced by the previous period’s price. This means the remaining four
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parameters are left to estimate. Given the values of these exogenous parameters and the number
of trading period, 7', all the other endogenous parameters are specified completely.

Appendix B. Proof of Proposition 1

First, Eq. (1) is proven. From Eq. (18) in FV, Ap,2 =(p— pi_1)? = A?Aytz, where y; is the
net order. In addition, as price changes and net order flows are related in a linear fashion, a price
change fully reveals the net order flow. Therefore, since the net order is the sum of the orders
from the informed traders and liquidity traders,

M
E(8R2 ] pto-ees i) =E|:A,2<in2t+u,2+222xi,xj[> \pl,...,p,_l}.
i=1 i)
(A.30)
From Eq. (24) in FV
E(isxji | pro..., p—)) = E(B7sit—18ji—1 | P1. ... pi—1)
= E[B}sit—1 E(sji—1 | Sit—1) | p1. .., pr—1]. (A31)

where s is the private signal, and the last equation is derived via the law of iterative expectations.
Then, using the definition of ¢, given in Proposition 1 in FV, the following is obtained:

E[,B,zsit,lE(sj,,l |$it—) | P1s-vs 1] = ,3,2E(¢,Si2t_1 | P1s-os Pi—1)
= .Bt2¢tAt—l = ,3;291—1- (A.32)
Second,

E(xzzt | p1. ~~~’pt—l) = E(lgpzsizz_l | P1s "'ﬂpl—l) :,312At—1~ (A.33)

Substituting (A.31) and (A.33) into (A.30) yields (1).
As to the expected trading volume in (2), the trading volume is first defined as

) ‘p]s"‘9pll}
i=1

M M
1
B EE[( D sl 4 ol [ s + ) 1. ...,p,_l}, (A34)
1= 1=

in which the first term measures the trading volume contributed by the informed traders, the
second term, by the liquidity traders, and the final term, by the market maker. Note that, con-
ditionally upon past prices, all of the random variables inside the absolute value operator are
distributed normally, with a mean of zero. Therefore, using the property of normal random vari-
ables,

ETVipi,..., pi—1)

1 M
EEEKZIAMIHMH

i=1

M
Z Axir + uy

E(TVilp1,.... pi-1)

M
]
=,/§{ Var(ZﬁtSn_l | pl,...,pt_1> +y/Var(u; | p1,..., pi-1)

i=1
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M
+ | Var ZﬁzSiH +ur | pr,... pi—1 ) ¢ (A.35)
i=1
Note that
M
Var Zﬂtsit—l +u | p1, ..., Pr—1
i=1
M
= Var Z,Btsitfl | p1s-o, Pr—1 +%2
i=1
= MBI Var(si—1 | p1,-... pi—1) + M(M — 1)B}CoV(sit—1.Sji—1 | P1s-.., pi—1) + 0
=MB> A1 + MM — D)BE2—1 + 07 (A.36)

Then, a substitution of (A.33) and (A.36) into (A.35) proves (2).
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