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In a security market with asymmetrically informed
participants trades are signals of private infor-
mation. In this article, new measures of trade
informativeness are posed based on a decom-
position of the variance of changes in the efficient
price into trade-correlated and uncorrelated
components. The trade-correlated component has
a natural interpretation as an absolute measure
of trade informativeness. The ratio of this com-
ponent to the total variance is a relative measure
(i.e., a proportion normalized with respect to the
total public informtion). For a sample of NYSE-
listed companies, trades are found to be more
informative for small firms in both absolute and
relative senses. From an analysis of intraday pat-
terns, it appears that trades are in absolute terms
more informative at the beginning of trading, but
dlightly less informative in relative terms.

This article describes an empirical assessment of trade
informativeness in a security market where agents
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trade by executing buy or sell orders against preexisting ask and bid
guotes. Numerous studies have modeled transaction and price dynam-
its in such markets when traders possess varying levels of informa
tion.'In these models, the underlying (and generally unobservable)
characteristics of the informationa asymmetries are prevalence, pre-
cision, and timeliness of the private signals, and the extent of com-
petition among the informed traders. Agents beliefs concerning these
characteristics determine two observable features of the market: the
bid-ask spread and the impact of a trade on the security price. The
related empirical literature explores both attributes. Mclnish and Wood
(1989), Chiang and Venkatesh (1988) and Foster and Viswanathan
(1990b, 1990c) use the stated bid-ask spread as a-summary measure
of informational asymmetry. Studies of the price impact of a trade
include Glosten and Harris (1988) Stoll (1989), Foster and Viswana
than (1990b, 1990c), and Hasbrouck (1988, 1991).

Both the stated spread and the estimated impact of a trade on price
have merit as summary measures of the market's assessment of the
informational asymmetry. However, share certain drawbacks.
First, both are conditioned on trades of a certain size. The stated
spread is often valid only for smal trades. The estimated impact of a
trade on price is typicaly conditioned on the particular size of the
trade. Neither measure summarizes the effect of trades of al sizes. A
second more subtle limitation is that both the spread and the price
impact are absolute measures of the informativeness of an incoming
trade. As most useful private information is essentialy advance knowl-
edge of public information, it is aso of jnterest to quantity the infor-
mation contained in trades relative to the total information bearing
on the security's value.

In this article, two new summary measures of trade informativeness
are proposed and implemented. The, approach may be described
intuitively as follows. Many microstructure models fit into a paradigm
that decomposes actual prices or quotes into a "true” or “efficient”
price (generally, the conditional expectation of the end-of-trading
security value) and a second “disturbance” component, which
impounds various microstructure imperfections Changes in the effi-
cient price may be further decomposed. into a component that is
atributable to trades and a component that is not. Analogoudly, the
variance of the efficient price changes may be decomposed into trade-
correlated and uncorrelated components. This variance decompo-
siton leads directly to an absolute measure of trade informativeness

' See Bagehot (1971), Copeland and Galal (1983), Glosten and Milgrom (1985), Kyle (1985) Easley
and O'Hara (1987), Glosten and Harris Glosten (1987, 1989) Admati and Pfleiderer (1988),
and Foster and Viswanthan.
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(the efficient price variance attributable to trades) and a relative mea
sure (the proportion of efficient price variance attributable to trades).

To estimate these measures in situations where the efficient price
is unobservable, the vector autoregression (VAR) modd of transac-
tions data discussed in Hasbrouck (1991) is combined with results
from the random-wak decomposition literature. The latter work deals
with techniques whereby a nonstationary time series may be decom-
posed. into random-walk and stationary components.’Here, the
decomposition is applied to security price changes, and the random-
wak component is equated with the efficient price. This leads to a
decomposition of the efficient price variance into a component due
to trades and a component that is orthogonal to trades.

This article is organized as follows. In Section 1, the econometric
techniques are fully discussed. Since these techniques are primarily
descriptive, it is useful to examine them for a specific microstructure
model. In Section 2, an analysis of a model that exhibits both inventory
control and asymmetric information effects is presented. In Section
3, estimation and, in particular, the bias in cross-sectional anayses
are discussed. In the remainder of the article, an empirical analysis
of asample of NY SE issues is presented; In Section 4, the transactions
data used in the study are described. For illustration purposes, a
detailed anadlysis of a particular stock is presented in Section 5. In
Section 6, a cross-sectional analysis aimed at discerning differences
in trade informativeness across firms with different equity capitali-
zations is presented. In Section 7, intraday patterns in the trade infor-
mativeness are examined. A brief summary concludes the article in
Section 8.

. The Variance of the Efficient Price Changes and Its Decomp-
osition
In this analysis, it is assumed that trades are motivated by private
information-and/or exogenous liquidity needs. The impact of trades
on the security price reflects various effects, some of which (such as
inventory control) may be transient. The permanent price impact of
a trade is due to agents beliefs about the private information content
of the trade. The present approach is a technique for measuring this
permanent impact.
Market events (quote revisions and transactions) are defined on a
sequence of discrete points indexed by t. It is natural to define this

?Random-walk decompositions have been studied primarily in macroeconomic series. See Nelson
and Beveridge (19911), Watson (1986), and Campbell and Mankiw (1987). Stock and Watson (1988)
provide a good introduction to the subject. Hasbrouck (1990) illustrates other application of these
techniques to short-term security returns.
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sequence either as a set of wall-clock times, or dternatively as a set
of event times (i.e, a counter of trades and quote revisions). While
the digtinction is not generally relevant for theoretica models [an
exception is Eadey and O'Hara (1990)], the stationarity considera
tions discussed later in this section favor event sequencing.

The price variable is g, the midpoint of the prevailing bid and ask
guotes. Transactions may result from market orders hitting these
guotes, or from intraguote crosses (although most of the theoretical
models do not explicitly admit this possibility). The trade variable is
the signed trade volume (positive if the market order is a purchase
and negative if a sale), denoted x. In Section 4, problems that arise
when attribution of trade direction is uncertain are discussed. The
progression of trades and quote revisions that characterizes both the
theoretical models and most actual markets is preserved in the fol-
lowing ordering convention. The prevailing quotes at the beginning
of time t are ‘those set in the preceding period (g-,)A trade is
executed (x); nontrade public information arrives; and finaly the
market-maker posts new quotes (q) In the absence of any trade, X
may be taken as zero.

The quote midpoint is the sum of two unobservable components:

= m -+ s, (1)

where m, is interpreted as the efficient price in the sense of the
expected end-of-trading security value conditiona on al timet pub-
lic information. The second component may be provisionaly taken
as a residual discrepancy term. Two assumptions impose structure on
(2). The firgt is that the efficient price evolves as a random walk:

m=m_, + w, (2)

where Ew, = 0, Ew? = ¢2, and Fw,w, = 0 for r + £ The innovations
(w,reflect updates to the public information set (including, if rel-
evant, the most recent trade). The second assumption is that s, is a
zero-mean nondeterministic stochastic process that is jointly covari-
ance stationary with w,. Intuitively, sis assumed to embody al the
transient microstructure imperfections that cause the quote midpoint
to deviate from the efficient price (inventory control, price discrete-
ness, etc.). In keeping with this generality, smay be serialy correlated
and (optionally) partialy correlated with the w, history.

The assumption of covariance stationarity implies that E;sys — ESyya
= 0 as & - oo, This reflects the transience of microstructure imper-
fections. It is reasonable because microstructure Imperfections are
not ordinarily assumed to cumulate over time, leading to arbitrarily
large divergences between market prices and underlying economic
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values. The stationarity assumption does rule out, on the other hand,
price level effects. Among these neglected effects are the apparent
inverse relation between price level and volatility [Christie (1982)]
and discreteness (since the eighth-dollar price grid is not equally
spaced in logarithms).

The assumed joint stationarity of {s,, w,} : dso implies homoskedas-
ticity. In view of the well-documented intraday and intraweek patterns
in return variances, this assumption requires reinterpretation or mod-
ification. The first point is a forma one. Specificaly, the assumed
stationarity can be viewed as applicable to data sequenced by an index
t that preserves the ordering of events, but from which the natura
time and date stamps have been suppressed. When the data are viewed
thudly, the model is interpreted as an unconditional one that reflects
the average behavior of the data over al times and days. This view is
formally correct, but it may be unattractive because it ignores infor-
mation available to both market participants and the econometrician.

A second dtrategy involves defining the sequencing index in a fash-
ion that is likely to mitigate the nonstationarity. Intraday return var-
iances (per unit time) are elevated at the beginning and end of
trading. This pattern also characterizes the frequency (per unit time)
‘of market events (transactions and quote revisions).- This suggests
that variances per event are likely to be more constant than variances
per unit time. In consequence, some relief may result from defining
t as an event counter, rather than an index of natura time. The empir-
ica anaysis in this article adopts this approach. The third and best
approach is to modd explicitly the conditional nonstationarity. The
simplest technique is to estimate the specification over various intra
day intervals, a method that the present article pursues. The more
-elegant approach of constructing a single comprehensive specifica-
tion that incorporates natural time effects remains as a task for future
research.

A related specification issue is whether the per-share price variables
(g, m,s,) : should be defined in levels or logarithms. Because distur-
bances are likely to have both multiplicative and additive components
(e.g., from price discreteness), neither position is completely satis-
factory. As a practicd matter, estimates using data samples of the
duration considered here (three months) are not highly senstive to
the choice. In comparing statistics across firms with differing share
prices, however, proportional measures are somewhat easier to report
and discuss. In consequence, the remainder of the andysis assumes
that the price variables are specified as logarithms.

Trade informativeness is measured in the following fashion. The
market’s signal of private information is the current trade innovation,
defined asx, — E[x,|®,.,}, where®,, is the public information set
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prior to the trade. In most of the theoretical models; this innovation
is simply the trade itself, The generalization is useful because it
permits serial correlations in the trades of the sort that might be
induced,. for example;. by inventory control, price discreteness, or
price-dependent tradlng strategies. The impact of the trade innova
tion on the efficient price innovation is E[w,|x, — E[x,|®.,]] There-
fore, two natura summary measures of trade informativeness, both
in the absolute and relative to the total public information, are

Var(E{w,| x, - E[x,lib,.,]])
and . o ; 3
o vaf(E[thxt - E[xt|q>;—1]])/vat(wt) ) _
The random-walk decomposition (1) on which these measures are
based is unobservable. The connection to the observable data follows

from the vector autoregressive (VAR) model described in Hasbrouck
(1991). Defining the quote revision as r,= g, — g,,. this model is

=ar +ar .+ s+ box, + byxe, + o+ oy,
X, = Cifey + Gty + o + dix, + dzx,._2 + .o F vz,

4

In the present discussion, x; is the signed trade variable descrlbed
above. More generally ,x; is a column vector of trade attributes, and
b, and d are conformable coefficient matrices. The innovations are
zero-mean, serially uncorrelated disturbances with Var(y,,) = o3,
‘Var(t,,) = Q, and Ev, v,,= 0. The inclusion ‘of the contemporaneous
trade (x) in the quote-revision (r,) Specification imposes a recursive
structure that reflects the ordering at time t of the trade and quote
revision discussed above. It is worth noting that since ‘transaction
prices and quantities are determined jointly, the specification ‘would
be inappropriate. if transaction prices were used in lieu of quote
midpoints Making an assumption of invertibility, the trades and quote
revisions may be expressed as a linear function of current and past
innovations.® The vector moving average (VMA) representation cor-
respondlng to (4) is

= ”u'*' al”u-: + azvn—z + - + bo”z:"' bxvz.r-—x ,
X = Ccton +.,fz”:,c—; + o0+ o, + div,, + divy. ., +
Judge et al. (1985, p.657) describe the transformation:

% For an autoregressive model to be invertible, it must be feasible to recover the disturbances as
convergent linear combinations of past redizations. In the present application, invertibility may
be violated by certain extreme forms of inventory control. Specificaly, if the counterparty to all
trades is a monopolistic dealer, and trades are observed without error, then over sufficiently long
intervals all trades will eventually be reversed. [For inventory to remain (on average) constant, a
dealer purchase must be eventualy offset by a dedler sde] This complete and total offset is
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From the VMA, it is possible to identify the trade informativeness
measures in (3) under the further assumptions that the public infor-
mation set isthe trade and quote history (1.e.,®,={x, 1 Xy, Freyy .. D)
and that the expectation operators are linear projections. With this
additional structure, the absolute and relative measures in (3) become

Var(E[w,|x, — E[x,|®,,]) = Var(E*w,| v,,]]) = 0.
and ‘ '
Var(E{wx = E[xi®D/Var(w) = ol /ol = R, (6)
where the E* notation denotes linear projection. The R’notation in
the relative informativeness measure stems from Its interpretation as
:a coefficient of determination in a regression of w,, on the trade inno-

vation. The following proposition (proved in Appendix A). gives the
computational details.

Proposition 1. For the trade/quote-revision VMA given in (5) the
randomwalk variance and the contribution of trades to this vari-
ance defined in (6) are given by

aEe) (3

&
-
1NN
~
~,
-

w-(Zo)o(zn)

An intuitive interpretation of Proposition 1 may be gleaned from
the VMA representation for quote revisions in (5). Assume that at
time t = 0 the system is initidly in a stable state with al lagged
innovations equal to zero. Suppose that we impart to the system an
initial trade shock given by v,,. Consider the ultimate effect of this
trade on the security price. The initid quote revison will be r,=
b¥v,,; the quote revision one period later-will be n, = bYe,e and so
on. By cumulating al the future quote revisions, the ultimate effect
of the initial trade on the price can be computed as (22, bT) 1. * This
is the impulse response function used in Hasbrouck (1991). Com-
putation of its variance directly yields the expression for -e%,, given
in Proposition 1.

This analysis suggests a structure for analyzing trade’ informative-
ness in comparative analyses. At the primary level, Zb¥ is the multi-

Incompatible with the recursion assumption implicit in an autoregression in trades. If the data
were this perfect, however, one could still conduct the analysis using inventory levels in lieu of
trades.
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plier used to compute the ultimate impact of a given trade. In Section
7, for example, this quantity is used to assess whether a 1000-share
trade conveys more information in the morning than at other times.
The size of W indicates trade intensity, the magnitude of the trade
innovations. Both terms appear in the expresson for ¢%, givenin
(7), which reflects the comprehensive contribution to efficient price
variance by trades of al sizes. Findly, R3 iis a comprehensive relative
measure of trade informativeness.

Aside from data considerations (discussed in Section 4), the lim-
itations of this analysis may be grouped for purposes of discussion
into those problems that plague VARs in general and difficulties that
arise from the specific interpretation placed on the VAR In the present
framework. Chief among the generic difficulties is that VAR estima-
tions have low power in resolving weak effects that persist over inter-
vals of the same order as the sample size or longer. The empirica
analyses presented here are based on three months of trading data,
and so would not be expected to capture sowly varying monthly and
annual components that typicaly require decades of data to detect.
This problem also leads to difficulties in determining lag length;

The problems with the economic interpretation placed on the VAR
in the present application stem from the assumed linearity of the
specification and the assumption that the relevant public information
set is the trade and quote revision history. The linearity may be gen-
erdized to alow specifications that are linear in arbitrary predeter-
mined functions of the trades and quote revisions, provided that the
transformed variables satisfy the stationary assumptions. (The esti-
mations presented in later sections adopt this practice.) This must
be viewed, however, as an empirica approximation to an unknown
functional form.

Misspecification of the information set is more troublesome. In the
narrowest econometric sense, the measures presented, here quantify
the explanatory power of trades in a regression In which the depen-
dent variable is the innovation in the random-walk price implicit in
the reported quote. If the trades were correlated with an omitted
public information variable, the measures would overstate the (incre-
mental) informativeness of trades. Conversely, if the time stamps for
transactions were subsequent to the actual time that the transaction
was widely reported, the present measures would tend to understate
the true informativeness of trades.

The specification of the information set also bears on the stationarity
assumption in general, and-the stationary-increment random-walk
assumption for myin particular. While trades and quote revisions may
be jointly covariance stationary in an unconditional sense, they are
amost certainly nonstationary when conditioned on the true public
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information set. Considerations such as heteroskedasticity associated
with time of day are potentiadly amenable to modding. Other non-
stationarities may not be so apparent. The effects of these errors on
the trade informativeness measures are unknown.

. llustration: A Simple Model

To illustrate the analysis, consider the following modd suggested by
Lawrence Glosten (in personal communication) and discussed in
Hasbrouck (1991). Assume the efficient stock price, m,, follows

m=m_, + zv,, +'v,, (8)

where vy, and vy, are mutually and serialy uncorrelated disturbance
terms with Var(v, ) = ¢%and Var(y,,) = Q. From an economic view-
point, vy, captures public nontrade information; Vv,, is the Innovation
in trades; and the z coefficient reflects the private information con-
veyed by the trade innovation. The quote midpoint, g, follows

q:= m, + a(qr—l - mr—:) + bx, (9)
where X, is the signed trade at time t, and a and b are adjustment
coefficients with 0 < a < 1 and b > 0. The evolution of trades is

x=—c(q-,~m_) + 0, ‘ (10)

where ¢ > O defines a downward sloping demand schedule and v,
is the innovation (unexpected component) of the trade.
The focus of interest in this article is the variance in w, = m, -

m.; that is explained by trades. Since the innovations are uncorre-
lated,

o=z +o}, (11)

implying o2, = 2°2 and R% = 02, /2. 'The computational details of
the following analysis are given in Appendix B. The VAR represen-
tation is
r.=(z + bx+ [zbc — (1 — a)b)x,, o '
+ alzbc — (1 — @)blx,—, + - + v,,, - (12)

x,=—bcx,_; — abcx,_, - a*bcx,_y + 0+ U,
the corresponding VMA is ' .
ro=o,+ (z+ b, + (—bc+ (a— Do, + AT
xX= v, — bevy + (BB — ab)vy, + -0 Q3)

Appendix B aso shows that the sum of the moving average coefficients
of v, in the r, equation is equal to z. This implies that a one-unit

579



The Review of Financial Studies /v 4 n 3 1991

trade innovation (v,,= 1) leads to a persistent change in the quote
midpoint of magnitude z From Proposition 1, it also implieso?, =
2*Q +-03and 63, = 2°Q. This verifies that the VMA for the observable
data is sufficient to compute the variance decomposition in (11).

3. Statistical |ssues

As noted in Hasbrouck (1991), the VAR model in (4) maybe estimated
consistently under general stationarity assumptions. If r.and x are
jointly covariance stationary, then they possess a VMA representation
(5). If this VMA representation is also invertible, then the process
has a VAR representation as well, which may be estimated consistently
using ordinary least squares. The estimated VAR representation may
be inverted to get the estimated VMA coefficients, and from these one
may compute a variance decomposition and estimates for ¢%,, and
R2 by using the VMA estimates in lieu of the true values in Proposition
1. Since all parameter transformations are continuous, these estimates
are consistent.

The estimates are not, unfortunately, unbiased- in finite samples.
The biases depend both on the parameters of the true modd and on
the sample sizel The sample-size dependencies of the biases are of
particular concern in the present application because one goal of the
exercise is a summary measure that can then be used in comparative
and cross-sectional analyses. These applications will almost certainly
involve comparisons of estimates between firms with differing num-
bers of observations (since firms differ greatly in their transaction
frequencies) .

To correct for bias in the estimates, a bootstrap procedure is
employed in this article. The bootstrap technique uses repeated sim-
ulation of the estimated specification to approximate the small-sample
distribution of the parameter estimates. Efron and Gong (1983) pro-
vide a review. In the present application, bootstrapping is only
approximately correct; Specification and estimation of the origina
VAR system in (4) assume only that the disturbances are -serialy
uncorrelated. The bootstrap is formaly correct only when the dis
turbances are serially independent-a stronger assumption. In this
application, it is amost impossible to claim Independence. Typicaly,
independence will be violated because of discreteness of the vari-
ables, such as a quote revision that always lies on multiples of $.125,
or a discrete buy/sdl trade indicator variable. Such considerations
will generally cause serid dependencies in moments of order greater

“Illustrative simulation studies for the model discussed in the last section are available from the
author upon request.
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than 2. The effects of these higher-order dependencies on the bias
estimates are unknown. Further work is under way to -address this
concern, but at this point the procedure implemented here must be
viewed as plausible and probably preferable to ignoring a possibly
significant problem.

. Data

The results reported in this article are based on a sample of trans-
actions data from the Ingtitute for the Study of Security Markets (ISSM).
These data comprise a sequenced trade and quote record from the
New York and American Stock Exchanges, and the consolidated
regional exchanges, over the 62 trading days in the first quarter of
1989, with a one-second time resolution. The sample of firms for the
present study was selected in the following manner. For al issues
present on the ISSM and CRSP tapes, | computed market capitaliza-
tions as of the end of 1988, formed quartile market value subsamples,
and sorted each quartile by sequence on the ISSM tape (roughly
alphabetical). | applied al analyses to the first 50 firms in each quartile
that had at least 500 transactions, average price greater than $5, and
less than a 10 percent change in the number of shares outstanding
over the sample period (to rule out stock splits and large stock div-
idends). Only 27 firms satisfied these criteria in the lowest market
capitalization quartile.

As a result of stationarity considerations discussed in Section 1, the
data are viewed as an ordered sequence of observations in which the
time subscript t is incremented each time a transaction or a quote is
posted. There are severa exceptions to this rule. First, | ignore quotes
posted by the regional exchanges, which tend to follow those of the
principal exchange closely. Second, if a quote revision occurs within
five seconds following a trade, | assign it the same t subscript. Third,
trades that occur within five seconds of each other with no intervening
guote are cumulated as a single observation. This aleviates the prob-
lem of reporting fragmentation. (The current NYSE procedure is to
report sales. a 300-share transaction with one seller and three buyers
of 100 shares is reported as a single transaction; however, if there
were three sellers and one buyer, the report would consist of three
transactions.)

Differences in the reporting of quote rev&ions and transactions
lead to further complications. While most quote revisions are imme-
diately keyed into post workstations by the specialists clerks, most
transactions are recorded manualy on cards that are then fed into
electronic readers. The relative downess of. the latter process often
leads to an apparent reversal of reported trades and quotes. Accord-
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ingly, | assume that a quote posted within five seconds prior to a
trade is a reporting anomaly, and resequence the events to place the
guote revision after the trade. While | believe that this procedure
generaly leads to a more accurate data record, it is admittedly approx-
imate. Using this rule, if a quote revision and a transaction are mis-
takenly resequenced, part of the quote, revision may be erroneously
atributed to a trade that actually followed it. Some results are sensitive
to this resequencing, and will be so noted in the discussion. [Lee and
Ready (1991) provide further discussion of this problem.]

Another feature of the reporting process is the possibility that the
guotes may not be reported promptly. This is most likely to occur
during periods of rapid trading. If the quotes are systematically
reported with a delay (relative to the trades), this can be viewed as
a form of misspecification in which the amount of trade information
that apparently precedes a quote is richer than the trade information
actualy available. This will tend to inflate the explanatory power of
the trade history.

Determination of the direction of a trade is made solely from the
prevailing quote. A transaction price above the prevailing quote mid-
point is assumed to be a purchase (positive sign), and vice versa for
prices below the midpoint. If the transaction price is exactly at the
midpoint, the direction of the trade is indeterminate, and x;, is set to
zero. In the overall sample, roughly 78 percent of the trades and 81
percent of the volume could be signed (i.e., were not at the mid-
point). To put these figures in perspective, it should be emphasized
that these are for transactions aggregated over five-second intervals,
and opening trades are excluded from these figures. [The opening
procedure (a call-auction variant) differs substantialy from the mech-
anism used at other times. Particularly in high-volume stocks, the

opening volume may congitute a substantial fraction of the daily
total.] When the trade/quote resequencing was not used, classifica
tions for the trades and volume fell to 73 percent and 68 percent,
respectively.

The analyses presented here exclude the overnight return and the
opening trade. In computing the autoregressions, lagged trades and
guote revisions prior to the first observation of, the day are assumed
to be zero. The judtification for this is the assumption that the process
starts up anew a the beginning of each day. This convention is fol-
lowed to simplify the intraday analyses. Lagging the data across over-
night boundaries does not materially ater the conclusions. However,
it should be noted that overnight boundaries are likely to be reatively
more important for firms with few trades, and inclusion in the sample
is subject to cutoffs based on the number of observations (500 for the
cross-sectional analysis and 500 per period in the intraday anaysis).
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It was noted in Section 1 that one source of misspecification was
the presumed linearity in the relation between trades and efficient
price innovations. While a priori considerations provide no precise
characterizations of the exact functional form, the requirement of
linearity is probably too restrictive. A useful yet ill tractable gen-
erdization is a specification that is linear in nonlinear functions of
the trade variables. By anadogy with the practice of approximating
arbitrary functions by polynomials, it is. logical to include powers of
the transaction volume. More precisdly, if x, denotes the signed vol-
ume, the signed trade volume of power kis defined as  x¥=sign(x,) | x| *
Thus, x9 is an indicator variable that takes on values {-—1,0, +1}, x}
= x, and x? is a quadratic trade variable. With the exception of the
illustrative estimation discussed in the next section, al estimations
reported in this article are based on a four-variable VAR model of
{r,x% x},x2}. As a matter of notation, this is tantamount to replacing
X in (4) by the column vector [x?, x}, 7).

The VAR model described in (4) involves infinite lags. It is nec-
essary in practice to make a judicious truncation. The present appli-
cation truncates specifications at five lags (again, excepting the illus-
tration reported in the next section). Based on spot-checks of
individual estimates using portmanteau goodness-of-fit statistics
[Newbold (1983)] and estimations of more generous specifications,
five lags appears adequate. It is worth emphasizing, however, that in
a three-month sample of transactions data, these tests have little power
in detecting weak monthly, weekly, or daily dependencies in the
data For example, with 62 daily return observations (the number of
trading days in the sample), the magnitude of an autocorrelation
estimate must be .25 before it exceeds the conventional twice-stan-
dard-error bound about zero. Findly, a finite VAR generadly possesses
a VMA representation of infinite order. Here, the VMA was truncated
after 30 lags, beyond which point the implied moving average coef-
ficients were of negligible magnitude.

. An lllustrative Analysis for One Stock

To illustrate the estimation technique, this section presents full results
for Ames Department Stores (ADD). For brevity in reporting the results,
the VAR uses only quote revisions and the signed trade indicator
variable {r,x?} and is truncated at lag 3. Based on3866 observations,
the VAR estimates are

r,m = .1333r,_, — 02161, ; — 01207, , + 0009122
(<8085 (=128 (-7 (1591
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+ .000437x%_, + .000045x9_, + .000094x%_5 + vy,
(7.28) (.73) (1.54)

R*= 110, 2 = .00000556; (14)

X0 = —63.73r,_, — 31.797,_, — 8.107r,_,
C (—1412)  (=67D  (-1.79)

+ .172x%_, + .135x%_, + .091x%_, + v,,,
(10.36) (8.00) (5.33)

R*= 090, d}= 438,

Asymptotic t- statistics are given in parentheses. This estimation dis-
plays several features typical of trade/quote revision VARSs. In the
guote-revision equation, the effects of current and lagged trades are
positive. Positive lagged trade effects are Inconsistent with liquidity-
related “overshooting” and inventory-control mechanisms. As a mat-
ter of methodology, the lagged effects may be due in part to my
practice of considering the trade and quote revision concurrent only
if, occurring within five seconds. Therefore, a quote revision that
occurs later will appear to lead the trade. Another consideration is
price discreteness. Since the quotes cannot continuoudy adjust, the
guote-setter may wait until a string of trades of the same sign have
occurred before making an adjustment. It is important to note that
by construction the implicit efficient price does not depend on the
lagged trades. Hasbrouck (1988) and Madhavan and Smidt (1990)
provide further evidence concerning the absence of inventory control
effects on prices. Other characteristics of the estimations are negative
first-order autocorrelation in the r,, positive autocorrelation in trades,
and causality running from lagged r, to trades (cf. the significant r,
coefficients in the x9 equation). These features are discussed more
fully in Hasbrouck (1991).

The corresponding VMA representation (also truncated at lag 3) is

re=uv,— 191, , — .052v,, , — .029, .,
+.000911;, + .00042¢,,_, + .000112,, , + .000200,, ,,
x0=—63.7v,,, — 30.59,,, — 12.69,,, 15)
-+ v, + 114y, , + 0990, , + 0960, ,. '

From the sum of the v,, coefficients in the VMA equation for r,, a buy
order causes an ultimate log price charge of .0016. The trade inno-
vation variance is Q = .438 (per event). This may be approximately
restated on a per-hour basis as .438 Xx (3866 observations)/(62 days
X 6.5 hours/day) = 4.20 per trading hour. That is, if one were to
cumulate buy and sell order innovations (counting + 1 for a buy and
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- 1 for asde) in atypica trading hour, the variance of this sum would
be 4.20.

From Proposition 1, the random-wak variance decomposition is
o2.:= (.0016)°(.438) = 1.17 x 10° and %= 4.12 x 10°. From these
values, R3,= .284. In other words, roughly 28 percent of the variance
in the random-walk component of the stock price is attributable to
trades. Note that this is over twice as large as the simple R? reported
for the origina r, regression. Placing the variance measures on a per-
trading-hour basis (as described above) gives ¢2%./hour = 1.12 x
10° and e2/hour = 3.95 x 10

Based on a bootstrap of 200 replications, the estimated bias in the
o2, estimate was found to be 3.5 x 10° and that of the R%,, estimate
was found to be .005. In other words, both estimates are biased upward
by about 2%. The bootstrap standard errors of these estimates were
found to be 1.5 x |07 and .030, respectively.

As a fina point, different VAR specifications lead to different esti-
mates. .The VAR model used for al estimations in the rest of the
aticle ({r,x%x%,x2}, through five lags) yield ¢2,, = 1.69 x 10°,
o2, =407 x 10°, R, = .415. Note that while the total variance of the
random wak component (e¢3)changes only dightly, the more com-
prehensive model attributes substantially more of the efficient price
variance to trades.

. Cross-sectional Analysis by Market Capitalization

For each of the 177 stocks in the sample, the four-variable VAR model
described in Section 4 was estimated. Table 1 shows summary statis-
tics for the total sample and for the market-value subsamples. As
described in the previous section, al variances are restated as hourly
standard deviations. Pairwise Spearman (rank-order) correlation coef-
ficients are given in Table 2. For convenience in presentation, only
aggregate summary statistics are reported. The statistical tests, which
assume that estimates obtained for different firms are independent,
may overstate the statistical significance in the presence of common
influences.

Across al firms, the average proportional spread is 1.521 percent
of the stock price. (For each firm, this variable is computed as a time-
weighted average of al intraday spreads). In agreement with, the
finding of numerous earlier studies, it declines markedly with increas-
ing market value. (From Table 2, the rank-order correlation between
spread and equity capitalization is -.861.) The spread decline is
sometimes viewed as prima facie evidence that informationa asym-
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Table 1 .
Cross-sectional summary statistics for 177 NYSE fssucs, first quarter of 1989
Market value subsamples
Towal 1 2 3 4
sample (lowest) : (highest)
No. of firms 177. 27. 50. 50. 50.
Equ. cap. ($MM) =~ 1136. 27. - 93, 413. 3502.
- [2266.] . 7] 30} . 173} " [3221) -
No. of obs. 4434. 1338. . 1889, 3533. - 9552,
[4868) (611 1157 [2785] . {6031}
Impulse (x100) 255 631 324 " .162 078
.218) .200] [.139] . .065) T [044)
a./hour 144.247 26.804 53926 136.554 305.679
{161.737] . [16.978] {42.640] [(124.926) {183.859)
a,/hour (%100) 721 1.189 796 621 493
{-397] [.602) {-298] [-274) ° [-146)
¢4, /hour (x100) 412 - 1727 470 ads © 275
[-226] [-244) {201} [-144} (-084]
R, .343 426 348 320 318
{107] (131) {-099) {101} (084}
Spread (x100) 1.521 2.630 1.982 1.281 701
) : {.863) (.771) {-588) (-538) {-295)

Values are averages for the total sample of 177 firms and subsamples based on equity-capitdization
quartiles. Standard deviations ate given la brackets. Equity capitaization are as of the end of 1988.
All other figures refer to the 62 trading days in the first quarter of 1989. The spread is the time-
weighted average proportional spread. Impulse, s ,,/hour, s /hour, s ,, whour, and Ry are based on
the quadratic VAR model described in Section 6. Impulse is the implied impact on the log quote-
midpoint of a 1000-share buy order; s ,/hour is the standard deviation of the innovation in signed
trade volume x;, (measured in 100-share lots), ameasure of trading intensity; s ,,/hour is the standard
deviation of the change in the efficient price; s ,/hour is the square root of the trade-correlated
component of the efficient price-change variance; and R, is the proportion of variance in efficient
price changes that is explained by trades.

metries are worse-and hence trading is more informative—for low-
value firms.

As noted in the introductory section, however, such an interpie-
tation suffers from numerous shortcomings. Even ignoring inventory
costs, clearing costs, and dealer monopoly power, the adverse selec-
tion component of the spread depends positively on the public infor-
mation intensity, the total return variance. From Table 1, it is clear
the random-walk standard deviation (s ,/hour) aso declines mono-
tonically: small firms have larger return variances. The spread pattern
does not by itsdf, therefore, uniformly imply more extreme infor-
mational asymmetries for smaller firms.

The present analysis affords a more detailed dissection of the trade
informativeness. Consider first the persistent impact of a trade on the
security price. When there is a single trade variable (as in the pre-
ceding section), the sum of its moving average coefficients is a con-
venient scalar measure of this persistent impact. The present speci-
fication involves three trade variables, however, and so this sum is a

vector. One convenient way of obtaining a single number is to com-

586



‘Stock Trade Informativeness

Table 2 ‘
Bivariate rank-order (Spearman) correlations

Impulse a./hour  o,,/hour Spread

(% 100) o /hour (x100) (x100) KL (x100)
Equ. cap. ($MM) —~.878°% J79* =630 —620* - -299* ~3861°
Impulse (x 100) ~—.726° .718°* 756 459¢ .796°
#,/hour —267*  —.271° —252« - —-.550°*
#../hour (x 100) ' 951° 263 734
¢../hour (x 100) . : .. .520¢ 671°
R ] T a36

Equity capitalizations are as of the end of 1988. All other figures refer to the 62 trading days in the
first quarter of 1989. The spread is the time-weighted average proportional spread. Impulse, s ,/
hour, s ,/hour, s ,/hour, and R, are based on the quadratic VAR model described in Section 6.
Impulse is the implied impact on the log quote-midpoaint of the 1000-share buy order; s ,/hour is
the standard deviation of the inovation in signed trade volume, a measure of trading intensity;
s /hour is the standard deviation of the change in the efficient price; s x /hour is the square root
of the trade-correlated component of the efficient price-change variance; and R,? is the proportion
of variance in efficient price changes that is explained by trades.

* Statistically signficant at the .0l level.

pute the persistent impact of a given trade. innovation. The particular
trade selected as being well within customary order sizes for al firms
in the sample was a 1000 share buy order (10 100-share round lots;
ie,x?=1,x!=10,and x2 =100 at = 0). The persistent impact of
this trade on the (log) quote midpoint is given in Table 1 as Impulse.
The sample average vaue implies that a 1000 share buy order moves
the quote midpoint by about .255 percent. This declines monoton-
ically across market-value subsamples, indicating that same-sized
trades convey more information for smaller firms, in conformance
with Hasbrouck (1991).

The problem with simply taking the impulse figures as direct sum-
mary measures of trade informativeness is that larger firms tend to
have more trading activity. Table 1 reports as s ,/hour the standard
deviation of the' innovation in the x' equation. (The units of x' are
100-share round lots.) The subsample averages are indeed much higher
for the high-capitalization subsamples.

The s, /hour estimates, summarizing the absolute contribution’ of
al trading activity to the efficient price movements, provide additional
insights. In Table 1, the average values of s ,,/hour are larger for
smal firms. For small firms, therefore, the larger impact of a same-
sized trade on price is only partially offset by the lower level of trading
activity in these firms. More relevant evidence is given by the R,
figures, which are aso higher for smaller-firms, These results imply
that in both absolute and relative senses, trades are more informative
for small firms.

The rank-order correlations in Table 2 provide evidence for the
statistical significance of the effects cited above. Of additional interest
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Table3 -
Bias-corrected summary statistics
Market value mmplu
Total 1 2 3 R
‘ sample (lowest) ' (highest)
Impulse (x100) - 254 613 . 324 164 079 -
) L2 pe o pMy o oss fod7
o, /hour 144872 Z7.530 53.792 137.560 306.629
[163.681] [17.903] [41.082] (129.630] (186.449)
o./hour (%100) 668 1.003 783 547 49
(-533) [918] {-301) (-581] [145)
e../hour (x100) - 356 . 494 448 273 272
- . (.390) [.616) (.228) [.501] £.086}
.4 .330 395 334 - 311 . 311
. [116} - [139] [-106] [114] {-085] -

Values are averages for the total sample of 177 firms and subsamples based on equity-capitalization
quartiles. Standard deviations are given in brackets. Values correspond to those in Table 1, except
that values in this table are bias-corrected using the bootstrap procedure discused in Section 3.
All values refer to the 62 trading days in the first quarter of 1989. The spread is the time-weighted
average proportional spread. Impulse, e, /hour, e, /hour, o, /hour, and R are based on the qua-
dratic VAR model described.in_Section 6. Impulse is'the implied impact on the log quote-midpoint
of a 1000-share buy order; o,/hour - is.the_dandard deviation of the innovation in signed trade
volume, a measure of trading Intensity; e,/hour is the standard deviation of the change in the
efficient price, o,./hour s the square root of the trade-correlated component of the efficient price-
f)han%(ej variance; and R% I is the proportion of variance in efficient price changes that is explained
y trades.

are the correlations between the spread and-other ‘variables. These.
corrdations are generally positive, but far from perfect. In particular,
the correlation between the spread and R2 isonly .136. Asan empir-
ical matter, therefore, the two quantities appear to be measuring
different things and cannot be used interchangeably.

As noted in Section 3, cross-sectional analyses are subject to biases
related to differing number of observations. To investigate the pos-
sibility that this bias is accounting for the cross-sectiona findings,
bias-corrected statistics. were. constructed using the bootstrap pro-
cedure discussed in Section 3. The average vaues of these statistics
are presented in Table 3.

By comparing the vaues in Table 3 with their counterparts in Table
1, it is clear that the inverse relation between capitalization and R?2,
is partially due to bias in the estimates. Taking the total sample esti-
mates for R2, , the estimated bias is .343 - .330 = .013. Furthermore,
the estimated bias is higher for the low-capitalization issues: for sub-
samples 1-4, the average estimated biases in RZ%: are .031, .014, .009,
and .007, respectively. Nevertheless, the patterns of the bias-corrected
estimates across market-value subsamples are similar to those reported
for the uncorrected statistics. The correlations for the bias-corrected
statistics (not reported) are also close to those reported in Table 2,
athough dlightly weaker. Since the bias correction itself introduces
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additional noise, this. attenuation may simply reflect the increased
variance of these estimates.

It was noted in the data description section that nearly contem-
poraneous trades and quotes were resequenced to place the trade
before the quote. If this resequencing is not performed, the implied
R%’s are much lower (the average over the total sample is .15), and
although the lowest capitalization subsample still has the highest
value of R%, the corrdation between R3, and market value is not
significantly different from zero. The capitalization correlations with
Impulse, o./hour, and ¢,,./hour maintain, however, the same signs
and datistica significance as with the resequenced data.

. Intraday Patterns

Intraday patterns in various market characteristics have attracted sig-
nificant interest. Transactions volume and return variances have typ-
icaly been found to exhibit “U-shaped” patterns, with concentrations
a the beginning and end of the trading day. These findings are con-
sistent with the theoretical predictions of Admati and Pfleiderer (1988)
whose anadysis takes into account trading concentration due to the
strategic behavior of informed and certain uninformed traders.

The Admati and Pfleiderer model also predicts that when volume
is high, the market impact of a trade is lower (their hypothesis 1).
In an analysis of transaction prices and (unsigned) volume, however,
Foster and Viswanathan (1990b) find larger trade impacts at the begin-
ning and (to a lesser extent) at the end of the day. Their econometric
model assumes seria independence of trades, no feedback from prices
to trade sizes, and a market impact that is linear in current trade size.
The techniques presented here may be used to address the market
impact question in a more general econometric framework.

The present intraday analysis divides the trading data into the first
haf-hour of trading (9:30:00 A.m. to 10:00:00 a.m.), the middle day
(10:00:01 A.m. to 3:30:00 p.Mm.), and the last half-hour of trading (3:30:
01 p.m. to 4:00:00 p.m.). To ensure sufficient numbers of observations,
the analysis was redtricted to those firms from the origina 177-firm
sample that possessed at least 500 observations in each time period.
This left 46 firms in the sample (of which 40 were from the highest
market-value subsample, and six were from the second-highest mar-
ket-value subsample).

To establish a connection to earlier findings in this area, consider
first the hourly standard deviations of the efficient price changes (o./
hour). These are indeed higher in the beginning and ending periods,
confirming the results found for ordinary returns. The pattern is sta
tistically significant for the beginning period, but not for the ending
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period.’> The absence of an end-of-day upturn is consistent with the
findings of Foster and Viswanathan for large-capitalization issues. As
summarized by the s , figures, trading volumes are aso dightly higher
in the beginning and ending haf-hours (not datisticaly significant).
The absence of a pronounced opening effect may seem surprising. It
should be recalled, however, that these figures ignore opening trades,
which account for a substantial portion of the trading volume in large
firms.

Intraday patterns in the spread have been examined by Mclnish
and Wood (1989) who find evidence for larger spreads at the begin-
ning, but not the end, of trading. The average spreads reported for
the present analysis in Table 4 confirm this. Spread behavior is closely
related to transaction returns. Since a large component of intraday
transaction return variance is due to the spread, higher beginning;
of-day spreads would lead to higher beginning-of-day return vari-
ances, even holding constant the variance of returns In efficient prices.
The estimates of e,/hour constructed using the present analysis should
be less affected by this spread-related bias and therefore congtitute
stronger evidence of intraday return patterns.

Consider next the trade informativeness measures discussed in this
article. As in the preceding section, the Impulse statistic measures
the persistent log change in the gquote midpoint due to a 1000-share
buy order. This is (statistically significantly) higher if the order occurs
in the first half-hour of the day. Of course, since both Impulse and
o./hour are higher in the first haf-hour, it is not surprising that the
absolute measure of trade informativeness e,,, is aso higher in this
period. In an absolute sense, therefore, trades move prices more in
the first half-hour of trading than in the rest of the day. The propor-
tional measure R3 is actudly lower in the first half-hour, however.
(The datistical significance of this is margina: 12 out of 46 by the
sign test) Another way of stating this finding is that athough the
information revedled by trades (e,,,) is higher in early trading, this
is more than offset by a higher intensity of all other public information
(which may include trading data on other securities).

The findings for Impulse and e,,; support the Foster and Viswana-
than findings of a higher market impact (higher trade informative-
ness) a the beginning of the trading day. While ‘these findings con-
tradict the predictions of the Admati and Pfleiderer model, severd
possible sources of the discrepancy deserve mention. Trading in their
model proceeds as a sequence of cal markets, rather than the dealer

® Satistical significance in this section is assessed using sign tests. In the case of  w./hour, for example,
an indicator variable for a given firm is set to + 1 if the value of e,/hour: for the morning is above
the value for midday and to O if below. To reject the null hypothesis of equal values for al 46 firms
at the .01 level, the number of +1's of the number of O's needs to be below 13.
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Table 4
Summary intraday statistics
. 9:30 AM~. . 10:00 A~ 3:30 P~
10:00 AM. 3:30 ru. " 4:00 P
No. obs. 1202. 8781, <1129,
. (514] (4235]. . 4951
Impulse x 100 112¢ 074 . 065
A N X7 .[037] . {037)
e, /hour . 335952 314.963 309.547
' v . © [218.024) {193.009] . {189.580}
"o, /hour (x100) - 1.029¢ -522 605°
[-367] : [.233) [-274)
04/hour (x100) C 569 312 350
[254) (-129] B 812
R, 318 370 347
. [128) 1.085] [-108]
Spread (x100). .853¢ 773 . .78
: [-488) (474) [471]

Values are averages for the total sample of 46 firms. All values refer to the 62 trading days In the
first quarter of 1989 during the indicated times. The spread is the the-weighted avenge spread.
Impulse, ./hourt, e, /hour, e, /hour, and R} :are based on the quadratic VAR model described In
Section 6. Impulse is the implied impact on the log quote-midpoint of a 1000-share to buy order @,/
hour is the standard deviation of the innovation in signed trade volume, a measure of trading
intensity, e./hour is the standard deviation of the change in the efficient price,@uws/hour isthe
sguare root of the trade-correlated component of the efficient price-change variance, and R%1 isthe
proportion of variance in efficient price changes that is explained by trades.

"The associated morning or afternoon value differs from the corresponding midday value using the
sign test discussed in Section 7 at the .01 level.

market assumed here. Also, the point a which the market does in
fact function as a call (the open) is excluded from the anaysis.

8. Summary

This article has proposed measuring trade informativeness in a secu-
rity market by decomposing the efficient price variance into trade-
corrdlated and uncorrelated components. The trade-correlated corn-
portent (e%,) rreflects the persistent impact of trades on the efficient
price, an impact that by implication arises from the market’'s percep-
tion of the private information in the trade. This decomposition aso
leads to a relative measure of the relative trade informativeness
(R%),", which is the coefficient of determination in a regression of the
changes in the efficient price on trades. The quantities are computed
from a vector autoregressive model of trades and quote revisions, in
which the efficient price is the implicit random-walk component of
the quote.

Applied to a sample of NYSE companies, two findings are of par-
titular importance. First, in both absolute and relative senses, trade
informativeness appears to be more large for firms with lower market
capitalizations. Second, in an absolute sense, trades are more infor-
mative in the beginning of the trading day than at other times. Relative
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to al public information, however, trades are dightly less informative
a the beginning of the trading day.

By way of proposing directions for further research, it is found that
on average, approximately 34 percent of the variance in efficient prices
is explained by trades. Since the prevalence and precision of the
private information that presumably gives rise to this figure are not
known, interpretation of this magnitude is an open issue. If this
proportion is not the result of a sample or methodologica artifact, it
may imply the presence of a very sizable quantity of asymmetric
information. The nature, sources, and production costs of this infor-
mation stand as worthwhile objects of further study.

Appendix A: Proof of Proposition 1

The proof is a modification of that found in Watson (1986). The vector
moving average (VMA) representation for the trade/quote revision
system ‘is given by (5) in the text. The r, equation may be written
more compactly as

re=a* (Do, + *Dv, - (A1)
where a* and b* are the lag polynomial dperators [a*(L) = a¥ +
afl + afl* + b*(L)'= b3 + b¥L + b¥L? + ---] and, in confor-

mance with (5) ag is normalized to unity. Altematlvely from (1),
r=Q0-0Dg=0-Dm+ Q- Ds=uw+ Q- Ds. (A2)

The autocovariance generating function for a time series {x;} is defined
as g.(z) = Zc, () 2/, where c,(f) = Ex,x,_,. [See Sargent (1979).] Sim-
ilarly, the cross-covariance generating function for two series {x,} and
{y} is defined as g,,(2) = Zc,, 2/, where ¢, () = Ex,y,_, From (A1)
the autocovariance generating function for r, may be written

&(2) = Ha* (v, + (D) v, )[a*(z ), + b*(r‘)vz.]
= a*(D)a*(z o3 + b (e*(z). (a3)

Alternatively from (A2) this may be written as

8(2)=g.(2) + (1 —2Mg,(2)+ (1~ z)g.,.,(z) .
"+ Q-2 - 2g((2). (A4)

Equating (A3) and (A4), and letting z=1, shows that
8 = &) =0} = [@*WFoi+ (ORGP (45)

Since the lag polynomlals evaluated at unity are equal to their respec
tive coetﬁcient sums, this is equivalent to Proposition 1. .

592



Stock Trade Informativeness

Appendix B: Computational Details for the Moddl in Section 3

To eliminate the unobservable variable, m, (the efficient price), it is
useful to first work out the innovations representation for (g, — m,):

(g — m) = al(q, — m) + bx,
= al(q, — m,) + b[—cL(q,— m,) + v,,]
= (a - bC)L(q, - ml) + bvz,n . (Bl)

or, by rearranging, (. — m,) =[b/(1 — (a — bc)L)]v,,. An expansion
about L = O gives the innovations (moving average) representation
for(g, — m,) in terms of current and lagged values of v,,. The moving
average representation for x, is obtained as an expansion of the last
term in

—bcL
x,=—cl(g—m) + v,= 1= (a=bor + vy,
1 — al .
(1 e C bc)L) bar (B2)

An expansion of this gives the x, equation from Equations (13). If A
< 1, the above may be inverted to obtain the autoregressive repre-
sentation

—bcl
x"(l —Caz)"'”’f" ™

An expénsion of this gives the x, equation from Equations (12).
Turning now to the quote process, Equation (9) may be written as

(1 —al)g=QQ — al)m, + bx, (B4)

which may be rearranged to give g, = m, + (b/(1 — aL))x,.‘Taking
the first difference of this to compute the quote revision gives

-1 = Da=(1— pa-o
r.=(1 Lq=(Q1 Lym, + 1 —aL Xy (B5)

Substituting in for (1 ‘— L)m, and x, gives
: ' b - DJ| 1~al

1o = e F Vi +[ 1—al ][1 — (a— bo)L v"‘]

_ [z(l = (a = bol) + b(1 - L)] |

1 - (a —_— bC)L Uz + Uy, _ (86)

This is the moving average representation for quote revisions, and an
expansion gives the r,, equation from Equations (13). To obtain the
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autoregressive form, subgtitute in from (B2) for v,t

20— (@a—b)D)+b0 -D 1-ar | :
4 [ 1-(a— bo)L ][1 - (a- bc)L] ot o
_ 21— (a—bo)l) + b(1 — L),x' + o @

1—-al

This may be expanded to give the r, equation from Equations (12).
Finally, to get the sum of the v, coefficients in the moving average
representation for r,let L = 1 in (B6), yielding z
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