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This paper develops a tick time model for the quote setting dynamics on Nasdaq. The model
decomposes quotes into an efficient price, asymmetric information and noise. Both the
evolution of the efficient price and the information contents of quotes depend on quote
durations. New measures for the contribution to price discovery are defined within this model.
When aggregated to fixed calendar time intervals, they relate closely to Hasbrouck [Hasbrouck,
Joel, 1995, One security, manymarkets: determining the contribution to price discovery, Journal
of Finance 50, 1175–1199] information shares. Empirical results for 20 Nasdaq stocks indicate
that ECNs, in particular Island, contribute most to price discovery for active stocks. For less
active stocks, wholesale market makers contribute most.

© 2009 Elsevier B.V. All rights reserved.
JEL classifications:
C32
G15

Keywords:
Price discovery
Tick time models
Nasdaq
Ultra-high frequency data
Microstructure
1. Introduction

An important measure for price discovery in fragmented markets where information comes frommultiple sources (markets or
dealers) is the information share introduced by Hasbrouck (1995). This measure has been used extensively studying price
discovery for shares listed in various US markets (e.g. Hasbrouck, 1995), among different dealer types trading at Nasdaq (Huang,
2002), among internationally cross-listed shares (e.g. Grammig et al., 2005), and among floor- and screen-based trading systems in
the US index futures market (e.g. Hasbrouck, 2003).

The information share, however, typically is not a unique measure when prices are contemporaneously correlated, in which
case we can only derive a range for the information share. This range is generally small when the number of information sources is
small and the differences among them are large, but in empirical applicationswithmore than two information sources this range is
often found to be large. A typical example, one we revisit in this paper, is Huang (2002), who uses the information share to assess
the contribution to price discovery for different ECNs (Electronic Communication Networks) and traditional dealers at Nasdaq.
Sampling at a one minute frequency, he finds that for some stocks the information share of an important ECN, Island, ranges
between 25% and 85%. Baillie et al. (2002) analytically show that upper and lower bounds can differ substantially when
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contemporaneous correlations between price innovations are high, and empirically show that the information share of ECNs for a
liquid stock like Yahoo is between 20% and 97%.

A driving factor behind the contemporaneous correlation between prices is data aggregation. When sampling at relatively long
intervals it is difficult to observe any informational asymmetries, as each market or dealer has had the time to update their prices.
Sampling at higher frequencies minimizes this problem, but introduces stale prices, which may affect measures of price discovery.
Another alternative is to sample in tick time, i.e., sample at the frequency at which prices arrive. This minimizes contemporaneous
correlations between prices, yet does not introduce stale prices. The aim of this paper is to introduce a price discovery model for
tick time data.

This paper makes three contributions to the price discovery literature. First, since tick time data is difficult to model with a
vector autoregression, we propose an unobserved components model. This model is a multivariate extension of the structural time
series model of Hasbrouck (1993). Within this model the Kalman filter can easily accommodate the irregular timing of tick time
observations.1 Second, when using tick time data, we observe the time between observations. Time is an important factor in
microstructure models (e.g. Engle and Patton, 2004 and Furfine, 2007) and is shown to affect the volatility of the efficient price
(Engle, 2000) and the information content of trades (Dufour and Engle, 2000). Both effects are included in our model. Third, based
on our model, we define new measures for price discovery. We first define measures in tick time, which are duration dependent,
and subsequently compute their calendar time equivalents. In tick time, we obtain three measures that address different aspects of
the price discovery process. In calendar time we find only one informative measure which resembles Hasbrouck’s (1995)
information share.

In our empirical part we examine price discovery between two ECNs (Island and Instinet) and three wholesale market makers
at Nasdaq for 20 actively traded stocks.We find that the price process does not evolve in calendar time, but in tick time as predicted
by Clark (1973). We also find that the information flow to the efficient price is in general less at longer durations, which is in line
with Easley and O’Hara (1992). Price discovery measures in tick time are strongly dependent on durations, where some dealers
reveal more informationwhen durations are short (active markets) whereas others reveal more when durations are long (inactive
markets). Aggregating to calendar time we can often clearly identify the dominant dealer. In terms of price discovery we find that
Island tends to dominate the liquid stocks, whereas market makers dominate the less liquid stocks in the sample.

2. A model for quotes in tick time

This section introduces a structural time series model for quote data in tick time. Themodel is an extension to Hasbrouck's (1993)
unobserved components model and is theoretically motivated by Glosten and Harris' (1988) asymmetric information model.

In tick timewe need to definewhich events are informative and should be considered as observations.We consider each change
in a dealer quote as an observation and use only these changes to model the price discovery process. This avoids a potential bias
from using stale quotes. Because observations are spaced irregularly, we observe the durations between quote innovations. We can
therefore study quote setting behavior conditional on durations.

To formalize, consider a dealer market where M dealers issue bid and ask quotes, which arrive at times tℓ (ℓ=1,…, L). Let qℓ
be the (2M×1) vector of all standing quotes at time tℓ, where the bid (ask) of dealer i corresponds to element 2i−1 (2i) of qℓ. The
duration between two consecutive quote arrivals is measured by τℓ= tℓ− tℓ−1.

Since our interest is in modeling the dynamics of quote updates, we need to select those elements of qℓ that are updated at tℓ.
To do this we define the (kℓ ×2 M) selection matrix Jℓ, which contains the rows of the identity matrix that correspond to the
elements of qℓ that are updated at tℓ. The vector of updated quotes is Jℓqℓ.

We assume that the time series of updated quotes can be described by an unobserved components model,
1 Men
from ou
Jℓqℓ = Jℓ c + ιmℓ + uℓð Þ; ð1Þ

mℓ is the permanent price component common to all dealers and will be referred to as the efficient price; ι, c, and uℓ are
where
2M-vectors of ones, constants and temporary deviations from mℓ, respectively.

The efficient price is assumed to follow a random walk,
mℓ = mℓ−1 + σℓrℓ; ð2Þ

nit variance innovation term rℓ, and duration dependent volatility, σℓ. Clark (1973) argues that price processes evolve at a
with u
rate bywhich new information arrives to themarket and proxies this arrival rate by the volume of shares traded. Harris (1987) and
Ané and Geman (2000) show that it is not so much volume that drives the price process but the arrival of orders. To test for the
time scale in which the price process evolves we specify volatility as a function of duration,
σℓ = στδ1ℓ ; ð3Þ
kveld et al. (2007) also suggest using an unobserved components model to deal with missing observations. However, their study is distinctly differen
rs, as it studies the contribution to price discovery of the overlapping, non-overlapping and overnight periods for several Dutch–US cross-listed stocks
t
.
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δ1 measures the impact of durations on volatility. If δ1 = 1
2
the variance of the efficient price is proportional to the duration

en quote updates and the efficient price is said to evolve in calendar time. If δ1=0 the variance of the efficient price is not
d by quote durations and the efficient price is said to evolve in tick time. In this case the calendar time variance is
rtional to the number of quote updates.
propo

The constant cmeasures the average half-spread and captures e.g., order processing costs. To reduce the number of parameters
we assume that bid and ask deviations frommℓ are symmetric on average, i.e., the elements of c are equal but of opposite sign for
bid and ask of the same dealer (c2i−1=−c2i for i=1,…,M).

The transitory component in Eq. (1), uℓ, relates to informational asymmetries among dealers, dealer specific inventory costs
and other sources of microstructure noise such as price discreteness. Glosten and Harris (1988) argue that the prices of informed
market participants are correlated with changes in the efficient price. We argue that some dealers may also be informed, and apply
their rationale to quote updates. As we only look at quotes that are updated at time tℓ, the quote series Jℓqℓ are information events
just like transactions prices. We therefore split uℓ into two components,
uℓ = αℓrℓ + eℓ; ð4Þ

the 2M-vector αℓmeasures the asymmetric information among dealers, and eℓ is idiosyncratic noise. As for the evolution of
where
the efficient price, we allow this asymmetric information to depend on the time between quote innovations,
αℓ = ατδ2ℓ σ ; ð5Þ

δ2 measures the impact of quote durations on the asymmetric information.2 We expect δ2b0, implying that quotes are less
ative at long durations. This would be consistent with Easley and O'Hara (1992) who hypothesize that long durations
y no information and with Dufour and Engle (2000) and Engle and Patton (2004) who find that the price impact of trades is
t at short durations.
larges

The idiosyncratic quote noise, eℓ, is assumed to be uncorrelated with rℓ and τℓ, and has covariance matrix Ω with block-
diagonal structure,
X =
X1

O
XM

0
@

1
A; ð6Þ

each Ωi is a (2×2) matrix. The diagonal elements in Ωi measure the variance of quote innovations not attributable to the
where
efficient price. A low idiosyncratic noise variance therefore indicates that a dealer tracks the efficient price closely. Bids and asks are
allowed to correlate for the same dealer, but not for different dealers. The correlation between bid and ask of the same dealer is
motivated by inventory cost models, which suggest that a dealer will move both quotes when an inventory shock occurs.
Simultaneous changes in the quotes of different dealers can be due to asymmetric information, which is captured by α. The block-
diagonal structure of Ω is motivated by the empirical observation that most quote updates are from a single dealer.3 If we do not
impose this restriction only a small fraction of the data is available for estimation of the off-diagonal blocks of Ω.

To estimate the model we put it in state space form for a time series process with missing observations. Following Harvey
(1989) we write
Jℓqℓ = Jℓ c + ιmℓ + uℓð Þ;
mℓ = mℓ−1 + στδ1ℓ rℓ;

uℓ = ατδ2ℓ σrℓ + eℓ:

ð7Þ
Estimation of Eq. (7) is done by Quasi Maximum Likelihood using the Kalman Filter. Because the underlying process is a random
walk, we use a diffuse prior and exclude the first 50 observations in the calculation of the likelihood function. To account for the
large price change overnight the model is re-initialized everyday with a diffuse prior. However, the parameters are estimated over
the whole sample period.
ough durations between quote innovations of a particular dealer would also be interesting, our primary focus is on durations between any quote update.
urations provide a proxy for the activity of the market and we can test whether asymmetric information is larger during active or inactive periods. In this
we can capture part of the intra-daily differences between open, mid-day and close, as durations tend to be smaller near the open and close and larger in
-day.
assumption could be too restrictive if there is a high degree of collusion among dealers who adjust their quotes simultaneously. However, this would be
in the present case as implicit collusion has decreased considerably since May 1994 (Christie et al., 1994) and colluding dealers who adjust the same

t the same second would be highly visible to the market.



Table 1
Summary statistics.

# quote % single Average Std. dev

Symbol Company name updates quotes duration duration

AAPL Apple Computer Inc. 29,787 89.63 15.71 28.73
AMAT Applied Materials Inc. 105,090 83.58 4.77 5.95
AMGN Amgen Inc. 40,279 83.97 12.32 22.24
AMZN Amazon.com, Inc. 150,710 80.52 3.44 4.39
ATHM At Home Corporation 76,435 86.50 6.34 9.40
CMGI CMGI, Inc. 90,401 87.06 5.34 7.75
COMS 3Com Corporation 61,049 89.56 7.68 11.34
CPWR Compuware Corporation 33,301 90.55 13.92 31.03
CSCO Cisco Systems Inc. 164,480 80.85 3.13 3.52
DELL Dell Computer Corporation 177,850 77.39 3.02 3.44
INTC Intel Corporation 171,260 76.92 3.15 3.56
MSFT Microsoft Corporation 151,110 80.82 3.42 3.94
NOVL Novell Inc. 18,909 87.88 25.08 43.93
NXTL Nextel Communications CL-A 19,556 91.63 23.42 42.23
ORCL Oracle Corporation 87,774 85.81 5.56 7.46
PSFT Peoplesoft Inc. 24,601 91.12 18.74 32.02
QWST Qwest Communications Intl Inc. 44,459 88.33 10.68 18.12
SBUX Starbucks Corporation 14,320 90.06 32.43 64.92
SUNW Sun Microsystems Inc. 128,370 82.43 4.20 5.15
WCOM MCI WorldCom Inc. 88,550 83.33 5.66 7.41

This table lists the twenty Nasdaq stocks included in the sample. The number of quote updates is the total number of times a dealer either changes a bid or an ask
The number of single quotes is the frequency of observations for which only one dealer issues a new quote. The last two columns provide the average and standard
deviation of the durations between quote updates.
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3. Price discovery

In this section we define price discovery measures based on the previously proposed model. We consider three measures to
summarize the quote setting behavior of dealers. The first measure considers how dealers innovate their quotes based on the
information in the efficient price. The second measure considers the contribution of quote innovations of each dealer to the
evolution of the efficient price. The last measure combines the two measures and results in an information share of each dealer
similar to Hasbrouck (1995). We first define these measures in tick time and subsequently aggregate them to calendar time
equivalents.

3.1. Price discovery in tick time

Suppose that at tℓ each dealer issues bid and ask quotes and that the previous efficient price, mℓ−1, is known to all dealers.
Quote updates, vℓ, reflect the change in efficient price, mℓ−mℓ−1, and the dealer-specific noise eℓ. Substituting Eqs. (2) and (4)
in Eq. (1), the innovation of the dealer quotes is equal to
vℓ = qℓ − E qℓ jmℓ−1; qℓ−1½ � = ισℓ + αℓð Þrℓ + eℓ = ι +
αℓ

σℓ

� �
mℓ − mℓ−1ð Þ + eℓ: ð8Þ
From the decomposition (Eq. (8)) we obtain the first measure of the price discovery process. The duration dependent
regression coefficient,
βℓ = ι +
αℓ

σℓ
; ð9Þ

howmuch of the change in the efficient price is immediately reflected in the quote innovation and we refer to this measure
shows
as dealer liquidity. The more a dealer incorporates the innovation in the randomwalk into her quotes, the more liquid she is. Using
Eqs. (5) and (3) for the dependence of αℓ and σℓ on duration τℓ we find
β τð Þ = ι + ατ δ2 −δ1ð Þ
: ð10Þ
At long durations β(τ) will converge to ι when δ1Nδ2. This is theoretically most likely because we expect 0bδ1b1
2
and δ2b0.

When α is positive, β(τ) is larger than one, meaning that this quote incorporates more information of the random walk and vice
versa.

The second measure, referred to as price discovery, considers the reverse regression,
Δmℓ = γℓVvℓ + ηℓ; ð11Þ
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where
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γℓ measures the impact of quote innovations on the efficient price change. Contrary to the reduced form variance
where
decomposition of Hasbrouck (1995), the change in the efficient price is not a deterministic function of the quote innovations. The
structural model 1 leads to a remainder term ηℓ in Eq. (11). Being regression parameters, γℓ is defined as
γℓ = Var vℓð Þ−1Cov vℓ;Δmℓð Þ; ð12Þ

Var vℓð Þ = Σℓ = σ2
ℓβℓβℓV+ X;Cov vℓ;Δmℓð Þ = σ2

ℓβℓ; ð13Þ

the covariance follows from Eq. (8). To solve for γℓ, note that the structure of Σℓ is that of a full matrix Ω plus a symmetric
ne correction σℓ

2βℓβ′ℓ. We can guess a solution γℓ=aΩ−1βℓ and solve for a using the equality Σℓγℓ=σℓ
2βℓ, leading

γℓ =
σ2

ℓ

1 + σ2
ℓβℓVX−1βℓ

X−1βℓ: ð14Þ
As with β(τ) we can make the functional dependence on τ explicit through
γ τð Þ = σ2τ2δ1X−1β τð Þ
1 + σ2τ2δ1β τð ÞVX−1β τð Þ : ð15Þ
Contrary to β(τ) this secondmeasure depends strongly on the idiosyncratic noiseΩ−1. Assuming all other factors constant, this
measure increases for a particular dealer when the corresponding elements in Ω−1 increase (i.e., the particular dealer has low
idiosyncratic noise) and vice versa.

The last measure resembles Hasbrouck's (1995) information share. This measure is defined as the fraction of the variance of the
efficient price change that can be attributed to innovations in a dealer’s quote updates and can be computed using the R2 of Eq.
(11). From elementary linear regression analysis we can write the R2 of Eq. (11) as
R2
ℓ =

γℓVΣℓγℓ

σ2
ℓ

=
σ2

ℓ

1 + σ2
ℓβℓVX−1βℓ

 !
βℓVX

−1βℓ = βℓVγℓ: ð16Þ
The last equality in Eq. (16) immediately suggests how to define information shares of the individual dealers. Let βi,ℓ=
(βi,ℓ

b βi,ℓ
a )′ and γi,ℓ=(γi,ℓ

b γi,ℓ
a )′ be the (2×1) subvectors of βℓ and γℓ that correspond to the bid and ask quotes of dealer i. Thenwe

define the information shares following De Jong and Schotman (2008) as
ISi;ℓ¼βVi;ℓγi;ℓ =
σ2

ℓ

1 + σ2
ℓβVℓX−1βℓ

 !
βVi;ℓX

−1
i βi;ℓ: ð17Þ
Due to the block-diagonal structure of Ω we obtain a unique variance decomposition. The information shares sum to Rℓ
2 . Since

all elements of βℓ depend on τℓ, information shares are duration dependent.
n parameters.

δ1 δ2 Symbol δ1 δ2

−0.06(0.03) −0.44(0.05) INTC −0.17(0.02) −0.23(0.04)
0.02(0.02) −1.20(0.17) MSFT −0.20(0.02) −0.13(0.03)
0.04(0.02) −0.21(0.17) NOVL −0.23(0.04) −0.59(0.05)
0.03(0.01) 0.50(0.02) NXTL −0.05(0.03) −0.44(0.08)
0.01(0.02) −1.26(0.18) ORCL 0.02(0.02) −0.82(0.05)
0.07(0.01) −0.11(0.04) PSFT 0.00(0.02) −0.23(0.03)

−0.11(0.02) −0.51(0.06) QWST −0.14(0.02) 0.23(0.03)
0.00(0.02) −0.72(0.13) SBUX −0.01(0.03) −0.32(0.06)

−0.07(0.01) −0.24(0.04) SUNW −0.06(0.02) −0.96(0.11)
−0.13(0.01) −0.30(0.03) WCOM −0.11(0.02) −1.17(0.14)

le presents the estimates for the duration parameters δ1 and δ2 in Eq. (7). Standard errors are in parentheses. Stocks are referred to by the ticker symbols
ed in Table 1. δ1 measures the impact of time on the innovation in the efficient price process and has values of interest of δ1 = 1

2
, which represents a process

lves in calendar time and δ1=0, which represents a process that evolves in tick time.



Table 3
Asymmetric information.

ISLD INCA MM1 MM2 MM3

Estimate Bid Ask Bid Ask Bid Ask Bid Ask Bid Ask

Positive 2 1 11 8 13 9 7 7 2 2
Zero 9 6 7 11 1 6 6 4 11 11
Negative 9 13 2 1 6 5 7 9 7 7

This table reports a summary of the estimates for the vector α in Eq. (7). Dealers include the ECNs Island (ISLD) and Instinet (INCA) plus the three most active
individual wholesale dealers. Parameters differ for bid and ask quotes. Entries report the number of estimates that are significantly positive, not significantly
different from zero, or significantly negative. Estimates are insignificant if the t-statistic is between −2 and 2.

Table 4
Idiosyncratic dealer noise.

ISLD INCA MM1 MM2 MM3

Average 0.36 0.41 0.43 0.43 0.40
Std. dev. 0.47 0.23 0.25 0.29 0.21
Minimum (stock) 0.01 0.09 0.17 0.10 0.10

(CMGI, DELL) (MSFT) (MSFT) (AMZN, INTC) (MSFT)
Maximum (stock) 1.80 0.95 1.24 1.38 0.78

(NXTL) (AAPL) (PSFT) (PSFT) (CPWR
Highest 4 2 4 2 8
Lowest 14 0 2 1 3

Correlations
ISLD 0.66 0.43 0.49 0.20
INCA 0.63 0.59 0.61
MM1 0.85 0.54
MM2 0.51
Duration 0.86 0.75 0.47 0.62 0.28

This table reports a summary of the variance of the idiosyncratic dealer noise components as estimated in Eq. (7). Dealers include the ECNs Island (ISLD) and
Instinet (INCA) plus the three most active individual wholesale dealers (MM1, MM2, MM3). The “average” refers to the cross sectional average over all twenty
stocks of the diagonal elements ofΩi. “Std. dev.”, “minimum” and “maximum” are defined analogously with respect to the cross section of stocks. The stock symbo
belowminimum (maximum) refers to the stock at which the minimum (maximum) occurs. “Highest” is the number of cases for which that dealer has the larges
idiosyncratic noise variance among the five dealers. Analogously, “lowest” counts the number of stocks for which that dealer has the lowest noise variance. The
Correlations refer to the correlation between estimates of idiosyncratic variances over all twenty stocks. The final row reports the correlation between estimates o
diagonal elements of Ωi and the average duration of the quotes for a stock.
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3.2. Calendar time aggregation

To obtain price discovery measures in calendar time, we aggregate the tick time measures to fixed time intervals. In calendar
timewe refer to the present timewith the suffix (t). To link calendar timewith tick time, let ℓ(t) represent the closest observation
preceding time t, so that q(t)=qℓ(t) and qℓ=q(tℓ). Between t−1 and t there are ℓ(t)−ℓ(t−1) quote updates.

In calendar time innovations in dealer quotes are decomposed as
v tð Þ = q tð Þ− E q tð Þjm t − 1ð Þ; q t − 1ð Þ½ � = ιΔm tð Þ + uℓ tð Þ ð18Þ

m(t)=m(t)−m(t−1). The change in the efficient price fromℓ(t−1) toℓ(t) is the sum of all the interjacent changes. Only
with Δ
the most recent change is part of both Δm(t) and uℓ(t). We can write Eq. (18) as
v tð Þ = ι
Xℓ tð Þ−1

j=ℓ t−1ð Þ + 1

σ jrj + σℓ tð Þβℓ tð Þrℓ tð Þ + eℓ tð Þ: ð19Þ
From Eq. (19) we can compute the calendar time price discovery measuresβ(t), γ(t) and IS(t). Start by defining the moments
E Δm tð Þ2
h i

= σ tð Þ2 =
Xℓ tð Þ

j=ℓ t−1ð Þ + 1

σ2
j ;

E v tð ÞΔm tð Þ½ � = ι ~σ tð Þ2 + σ 2
ℓ tð Þβℓ tð Þ;

E v tð Þv tð Þ0� �
= Σ tð Þ = ~σ tð Þ2ιιV+ σ2

ℓ tð Þβℓ tð Þβℓ tð ÞV + X;

ð20Þ

σ̃(t)2=σ(t)2−σℓ(t)
2 . The volatility, σ(t), increases with the length of the interval and is a function of all interjacent
where

durations. This implies that Σ(t) converges to a matrix of rank one proportional to u′, which is a consequence of cointegrationwith
a single common trend (i.e., over long enough intervals quote updates of all dealers will be perfectly correlated).
)

l
t

f
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Dealer liquidity, β(t), is the regression coefficient of quote innovations, v(t), on the change in the efficient price, Δm(t). From
Eq. (20) we obtain
which

with s
β tð Þ = E v tð ÞΔm tð Þ½ �
E Δm tð Þ2� � =

~σ tð Þ2
σ tð Þ2 ι +

σ2
ℓ tð Þ

σ tð Þ2 βℓ tð Þ; ð21Þ

is a function of all durations between t−1 and t. Given the definition of βℓ in Eq. (9), β(t) is linear in α. Elements of β(t)
which
have a lower bound of one when the corresponding element of α is positive and vice versa. Since σ(t)2 (and σ̃(t)2) increase with
the length of the interval, β(t) converges to the unit vector ι when intervals increase. The rate of convergence towards ι depends
on the duration parameters δ1 and δ2. Thus when calendar time intervals are large, information asymmetries between dealers
disappear and all dealers will follow the movements in the efficient price perfectly.

For the price discovery parameters γ(t) we again consider the reverse regression,
Δm tð Þ = γ tð Þ0v tð Þ + η tð Þ; ð22Þ

has regression coefficients

γ tð Þ = Σ tð Þ−1β tð Þσ tð Þ2: ð23Þ
The derivation of γ(t) is slightly more involved than it was for the tick time equivalent γℓ, since Σ(t) is now a symmetric rank
two correction on Ω. We guess a solution
γ tð Þ = cι tð ÞX−1ι + cβ tð ÞX−1βℓ tð Þ; ð24Þ
calars cι(t) and cβ(t) for which we provide the explicit solution in the Appendix.
Fig. 1. Parameter estimates for three selected stocks.
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Finally, for the information shares in calendar time we consider the R2 of Eq. (22),
and de
R2 tð Þ = γ tð Þ0β tð Þ; ð25Þ

compose it into information shares per dealer

ISi tð Þ = βi tð Þ0γi tð Þ:
The explicit solution of ISi(t) is again in the Appendix. For large time intervals the change in dealer quotes will mimic the change
in the efficient price. Consequently, the R2 in Eq. (22) will converge to one. The convergence of R2 to one together with the
convergence of β(t) to ι implies that the elements of γ(t) and the information shares ISi(t) will sum to one at large intervals. We
therefore conclude that information shares are the only relevant measure when time intervals are large.
Fig. 2. Tick time dealer liquidity (β(τ)).
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4. Data

We use quote data provided by Nastraq, a database containing intraday quotes and trades at Nasdaq. The quote data contain all
quotes issued within normal trading hour time stamped to the nearest second. Most important, they contain the identity of the
dealer issuing the quote.We select 20 actively traded companies with varying liquidity for February 1999. Selected stocks and their
symbols are reported in Table 1.

Our data are similar to those used by Huang (2002) but from a different month in 1999. Contrasting to Huang (2002), who
creates categories of different dealer types, we consider individual dealer quotes as quoting behavior is heterogenous evenwithin
categories (see Schultz, 2003). In addition, our model is more suited to describe individual quoting behavior.We consider quotes of
the five largest dealers in terms of quoting frequency. This leads to the selection of two ECNs, Island and Instinet, and three
wholesale market makers, which differ per stock.
Fig. 3. Tick time price discovery (γ(τ)).



Fig. 4. Tick time information shares IS(τ).
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Sincewe are interested in modeling innovations in dealer quotes, we remove all stale quotes (e.g., when a dealer only innovates
her ask, her bid quote is removed). When a dealer issues multiple quotes at the same time, only the last quote is selected.4

We also remove outliers before estimation. Outliers often occur when a dealer is unwilling to trade and issues a quote far away
from the inside (best quote in the market). Also, ECNs are not obliged to provide quotes on both sides of the market, and in some
cases do not issue a quote on one side of themarket. In this case a zero-quote is recorded.We define a quote as an outlier when it is
more than $2 away from the average of the past 50 quotes.

Table 1 provides summary statistics for the filtered data. Our sample contains very actively traded stocks like Dell and less actively
traded stocks like Starbucks. The table reveals that many quote updates are by a single dealer, on average about 85%. Average quote
durations reported in thefifth columnare the inverse of the total number of observations. They range from about three seconds for the
4 This often occurs for Island, where many small trades are matched within Island. When such a trade occurs, Island sends new quotes to Nasdaq, which often
only reflect a change in quote depth.
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most active stocks to half aminute for the less active stocks. For full identificationofα, δ1 and δ2weneed sufficient time series variation
in durations. The standard deviations of durations reported in the last column of Table 1 are reassuring in this respect.

5. Results

In this section we discuss the results. We first provide a summary of the parameter estimates and next address the price
discovery measures.

5.1. Parameter estimates

Table 2 presents the estimates of δ1 and δ2. On average δ1 is slightly negative (−0.06), and in most cases we find δ1 significantly
negative. This rejects the notion that the price discovery process evolves in calendar time and provides evidence for the process
evolving in tick time as suggested by Clark (1973) and Ané and Geman (2000). A negative value for δ1 can arise when the
information flow is slower than the arrival rate of quote updates. Quote updates are more frequent than transactions and possibly
not all quote updates are equally informative. Especially the large number of short-lived changes on Island could cause a small
negative estimate of δ1 (e.g. Hasbrouck and Saar (2004) show that many orders on Island are canceled after two seconds).

For δ2 we find a significantly negative value in most cases, indicating that long durations lead to less asymmetric information.
These results are in line with Easley and O’Hara (1992), who show that long durations convey little or no information.

The results for δ1 and δ2 imply that periods with short durations are periods with higher (calendar time) volatility and more
asymmetric information. Consequently, volatile periods are periods where asymmetries are large and vice versa. Since durations
tend to be shorter near the open and close of the market, these are the more volatile periods with larger asymmetries.

Table 3 reports summary statistics for the asymmetric information component, α. Although the values of α's are not that
informative on their own (as scaling depends on δ2 and σ), they do indicate strong heterogeneity among the different dealers. If a
dealer has no private information the parameter should be zero. This is often observed for the least active market maker (MM3). It
is rarely the case for the most active dealer (MM1), who has the largest number of significant positive α's. The estimates also show
a contrast between the two ECNs: for Instinet estimates tend to be positive, while for Island the majority of estimates are negative.

Table 4 summarizes the estimates of the idiosyncratic dealer noise varianceΩ. Average estimates are similar for Instinet and the three
individual dealers, while Island differs from the others. For most of the active stocks in the sample (CSCO, DELL, MSFT and INTC) Island
has the lowest idiosyncratic dealer variance. For the less active stocks other dealers have lower variances (e.g. AAPL, CPWR and SBUX).

The bottom part of Table 4 shows the correlations between the idiosyncratic noise of the various dealers. The positive
correlation suggests that there is much more heterogeneity between different stocks than between different dealers. The
idiosyncratic noise also correlates strongly with the average duration (last row of the table). For the less active stocks the noise
component tends be larger. This is most pronounced for Island, which is consistent with the observed spread between the
maximum and minimum idiosyncratic noise in the table.
Table 5
Price discovery measures.

Information shares IS(τ)

Stock Β ̄ s(β) γ ̄ s(γ) ISLD INCA MM1 MM2 MM3 R2

AAPL 1.39 1.48 0.64 0.85 0.1 2.8 11.2 4.1 0.4 18.6
AMAT 1.04 0.32 1.13 1.06 5.6 1.9 3.4 0.9 0.4 12.2
AMGN 0.22 0.80 0.07 0.74 0.9 1.4 0.2 0.7 1.9 5.1
AMZN 0.51 1.80 − 4.17 8.91 0.0 0.0 0.0 100.0 0.0 100.0
ATHM 1.00 0.20 1.14 0.74 4.3 1.7 3.9 1.1 0.7 11.7
CMGI 0.99 1.00 1.82 1.66 3.4 3.5 1.3 20.6 0.2 29.0
COMS 1.10 0.88 0.91 0.73 3.5 5.2 0.0 0.9 4.3 13.8
CPWR 1.19 0.45 1.01 0.74 0.7 1.2 6.5 5.1 0.8 14.3
CSCO 0.63 1.43 0.82 1.64 4.3 1.9 1.0 1.1 3.7 12.0
DELL 1.47 2.62 1.32 2.44 6.2 1.1 9.5 0.4 2.1 19.4
INTC 0.57 0.89 0.46 0.66 2.6 0.7 2.2 0.1 0.1 5.7
MSFT 0.08 1.09 0.36 0.91 4.0 0.7 0.2 0.1 1.9 6.4
NOVL 1.35 1.24 0.74 0.85 1.9 3.2 6.6 5.0 1.4 18.3
NXTL 0.88 1.30 0.65 1.00 0.1 0.9 9.1 4.6 2.2 16.8
ORCL 0.88 1.16 0.71 0.72 1.4 1.3 8.2 1.3 0.6 12.8
PSFT 5.35 4.78 0.86 1.81 0.0 0.0 99.9 0.0 0.0 99.9
QWST 2.83 2.07 0.99 0.60 1.4 21.7 0.7 8.8 4.1 36.7
SBUX 1.26 0.92 3.57 7.39 0.1 0.5 90.9 0.0 0.1 91.6
SUNW 0.60 0.56 0.46 0.53 2.1 1.2 0.2 0.2 0.8 4.5
WCOM 1.06 0.32 0.51 0.24 1.7 1.2 1.5 0.5 0.5 5.4

This table summarizes the price discovery measures in tick time. Stocks are referred to as detailed in Table 1. Included dealers are the ECNs Island (ISLD) and
Instinet (INCA) and the three most active individual wholesale dealers. The first two columns report the average of β(τ) over all dealers (bid and ask) and its
standard deviation. The next two columns report average and standard deviations of γ(τ). For each dealer we also report the information shares βi(τ)′γi(τ). All
measures are evaluated at the average duration of each stock (see Table 1). Parameters γ(τ) and information shares IS(τ) are multiplied by 100.
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5.2. Price discovery per quote update

In this section we present the results for the three price discovery measures in tick time. We present detailed results for three
representative stocks (INTC, CMGI and AAPL) and show summary statistics for all stocks.

We first present the parameter estimates for α andΩ in Fig. 1 for the three selected stocks, as these help with the interpretation
of the price discovery measures. For each stock, an individual market maker has the most positive α. For Island, α is either
insignificant or significantly negative. For all three stocks, we find both positive and negative αi's.
Fig. 5. Dealer liquidity in calendar time.
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Just aswithα, estimates forΩ differ substantially per dealer. For INTC and CMGI, Island has the lowest idiosyncratic noise. For AAPL,
MM2 has the lowest. There are also substantial differences in Ω across the stocks, with INTC having a lower idiosyncratic noise than
CMGI and AAAPL. In additionwe find that covariances are small, hence bid and ask quotes of the same dealer are nearly uncorrelated.

In Fig. 2 we show the dealer liquidity measure, β(τ), as a function of quote durations. We observe the dispersion in liquidity,
which is largest at short durations, and convergence to unity at longer durations. However, convergence is slow and asymmetries
persist at long durations. Furthermore, we observe that the dispersion among dealers is larger for the less active stock (AAPL),
suggesting that asymmetric information is more pronounced in less active stocks. A typical pattern is that for each stock at least
one dealer always has a βi(τ) above unity. For INTC and AAPL this is MM1; for CMGI this is MM2. This “dominance” is completely
attributable to the α of the particular dealers (see Fig. 1).
Fig. 6. Price discovery in calendar time.
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In Fig. 3 we show the price discovery measure, γ(τ). For INTC we observe a clear and persistent dominance of Island at all
durations; for AAPL we observe a persistent dominance for MM2. These results are mainly driven by the low idiosyncratic noise of
both dealers (see Fig. 1). For CMGI the results are mixed: at short durations MM2 dominates, at long durations Island dominates.
The dominance of MM2 at short durations is due to its high β(τ). At long durations β(τ) decreases for MM2 and the low
idiosyncratic noise of Island dominates over this asymmetry effect.

Finally, Fig. 4 shows the information shares, IS(τ). Similar to the other measures, information shares are also highest at short
durations. For INTC we observe that Island dominates and is followed by MM1, giving the same results as for γ(τ). Island’s
dominance is again due to the low idiosyncratic variance. For CMGI we find the highest information share for MM2, which can be
attributed to the high β(τ). Island increases in importance at longer durations, due to the steep increase in γ(τ) at longer
Fig. 7. Information shares in calendar time per dealer.
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durations. For AAPL, MM1 dominates, since both β(τ) and γ(τ) are relatively high. However, the information share decreases
quickly at longer durations.

The results so far provide us with three general conclusions. First, asymmetries between price discovery measures among
dealers are largest at short durations, i.e., whenmarkets are active. Second, the dominant dealer has her highest information share
at short durations. As durations are shorter near the open and close of the market, more asymmetries should be observed during
these periods. Third, since δ1 is close to zero, calendar time volatility is higher in periods where durations are short. Together with
the results for price discovery this indicates that price discovery is larger when volatility is high, which is in line with Martens
(1998).

Table 5 provides a summary for β(τ), γ(τ) and IS(τ) at average durations for all stocks. Similar to the large differences in α we
also find large differences in β(τ), with extremely large values for PSFT and QWST. Information shares per quote innovation are
quite low and we find that Island dominates for most of the active stocks, while other dealers dominate for less active stocks. For
three stocks (AMZN, PSFT, SBUX), IS(τ) is100% for a single marker maker. For AMZN this concentration is due to the very low
idiosyncratic variance for MM2. For SBUX and PSFT this is due to a large negative covariance between the idiosyncratic noise of the
ask and bid. This negative covariance is unusual, and for most stocks and dealers we find small positive correlations, consistent
with theories of inventory models. The R2 (the sum of the information shares) is small in tick time. Excluding the three stocks with
a single dominant dealer, on average 14.3% of the variance of the efficient price can be explained by the quotes of the top five
dealers.
Table 6
Averages for information shares per dealer.

Stock ISLD INCA MM1 MM2 MM3 R2

A: 60 s intervals
AAPL 0.04 0.03 0.03 0.07 0.03 0.20
AMAT 0.35 0.07 0.10 0.06 0.04 0.62
AMGN 0.13 0.04 0.11 0.06 0.07 0.41
AMZN 0.00 0.00 0.00 1.00 0.00 1.00
ATHM 0.26 0.07 0.11 0.08 0.05 0.57
CMGI 0.46 0.07 0.09 0.13 0.05 0.80
COMS 0.17 0.05 0.05 0.05 0.06 0.38
CPWR 0.05 0.06 0.13 0.07 0.04 0.35
CSCO 0.61 0.04 0.03 0.02 0.05 0.75
DELL 0.74 0.03 0.01 0.01 0.03 0.82
INTC 0.29 0.07 0.05 0.09 0.03 0.53
MSFT 0.28 0.05 0.03 0.05 0.04 0.45
NOVL 0.01 0.02 0.01 0.04 0.03 0.12
NXTL 0.01 0.04 0.04 0.03 0.06 0.18
ORCL 0.23 0.07 0.05 0.11 0.08 0.54
PSFT 0.00 0.00 0.98 0.00 0.00 0.98
QWST 0.03 0.03 0.04 0.03 0.09 0.22
SBUX 0.00 0.01 0.74 0.01 0.01 0.77
SUNW 0.23 0.08 0.06 0.07 0.05 0.49
WCOM 0.12 0.07 0.04 0.07 0.03 0.33

B: 300 s intervals
AAPL 0.11 0.07 0.07 0.16 0.08 0.49
AMAT 0.50 0.10 0.14 0.09 0.06 0.89
AMGN 0.22 0.08 0.20 0.11 0.12 0.73
AMZN 0.00 0.00 0.00 1.00 0.00 1.00
ATHM 0.39 0.11 0.16 0.12 0.07 0.85
CMGI 0.55 0.09 0.11 0.15 0.06 0.96
COMS 0.32 0.10 0.09 0.09 0.11 0.71
CPWR 0.10 0.10 0.24 0.12 0.07 0.63
CSCO 0.77 0.05 0.03 0.02 0.06 0.93
DELL 0.87 0.03 0.01 0.01 0.03 0.95
INTC 0.46 0.11 0.07 0.15 0.05 0.84
MSFT 0.49 0.09 0.05 0.09 0.08 0.80
NOVL 0.03 0.04 0.03 0.09 0.06 0.25
NXTL 0.03 0.11 0.09 0.08 0.14 0.45
ORCL 0.36 0.10 0.08 0.17 0.12 0.83
PSFT 0.00 0.00 1.00 0.00 0.00 1.00
QWST 0.07 0.07 0.09 0.06 0.21 0.50
SBUX 0.01 0.01 0.88 0.01 0.01 0.92
SUNW 0.39 0.14 0.09 0.12 0.08 0.82
WCOM 0.25 0.14 0.08 0.14 0.06 0.67

This table presents the average results for information shares. This measure is obtained as the inner product of β(t) and γ(t).The first five columns present the
information shares per dealer ISi(t), the last column reports the sum of the information shares (R2). Stocks are referred to by the ticker symbols explained in Table 1.
Panels A and B have different levels of time aggregation.
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5.3. Calendar time aggregation

To discuss price discoverymeasures in calendar time, we aggregate to 60 and 300 s intervals, as these are frequencies often used
in other studies. For both intervals we compute β(t), γ(t) and IS(t) given the durations τj (j=ℓ(t−1)+1,…,ℓ(t)) observed in
period t. This provides us with a time series for each of the three measures.

In Fig. 5 we show the distributions of β(t) at the 60 and 300 s aggregation intervals (only bids are shown, asks are similar).
Depending on the sign of α these measures are above or below one for all t. The plots clearly show β(t)'s convergence to unity
when the time interval increases. The speed of convergence differs per stocks and generally depends on the stock's activity. For
INTC, dealers incorporate most of the information in the efficient price into their quotes within the 60-second interval. For CMGI
we observe that there is still some dispersion at the 60-second interval, butmost dealers have converged to unity at the fiveminute
level. For AAPL, measures for liquidity have not converged even at the five-minute level.

Results for γ(t) are shown in Fig. 6 (only asks are shown, bids are similar). For all stocks, we observe that γ(t) increases with the
aggregation interval, and that the distribution of γ(t) narrows at the longer interval. Island clearly dominates for both INTC and
CMGI. For AAAPL results are less clear as distributions are very wide and have long right tails. MM2, however, tends to have the
highest values for γ(t). These findings are in line with the measures in tick time, where Island dominated for both INTC and CMGI,
and MM2 dominated for AAPL.

In Fig. 7 we show the distributions of IS(t) per dealer. These graphs are similar to γ(t) because ISi(t) is the inner product of βi(t)
and γi(t), and as βi(t) converges to unity at long intervals. ISi(t) is therefore approximately equal to the sum of γi(t) for bid and ask.
For CMGI and AAPL calendar time results for the information shares differ substantially from the tick time equivalents. For CMGI, IS(τ)
was highest for MM2 and for AAPL, IS(τ) was highest for MM1, which was due to the large values for β(τ). IS(t) is highest for Island
and MM2 for CMGI and AAPL, respectively. This difference is attributable to the convergence of βi(t).

Table 6 reports average information shares at 60 and 300 s aggregation intervals for all stocks and dealers. Generally,
information shares increase with the aggregation interval. For twelve stocks (generally themore active ones) Island dominates, for
the other stocks a market maker dominates.

The last column of Table 6 reports the total R2 for each stock. The R2 increases considerably when the aggregation interval
increases. However, the total amount of variance attributable to all dealers per stock differs. In general, R2is higher for more active
stocks (e.g., CSCO and DELL) and lower for less active stocks (e.g., NOVL). These results may have implications for e.g. realized
volatility when selecting the optimal sampling frequency and where the remaining microstructure noise is an important feature.

6. Concluding remarks

This paper introduces a model for dealer quoting behavior in tick time, which incorporates the effect of quote durations on the
volatility and asymmetric information among dealers. Given the model we define three price discovery measures, relating to
dealer liquidity, price discovery and information shares both in tick time and in calendar time. By constructing the price discovery
measures from tick time data we can avoid many of the simultaneity issues related to the vector autoregressive models.

We find that volatility is higher and that asymmetric information is larger when quote durations are short. Combining these two
findings leads to the conclusion that there is more asymmetric information when volatility is high. In tick time, the price discovery
measures describe different aspects of the price discovery process. The price discovery measure is mainly driven by a dealer’s
idiosyncraticnoise component,while the information share isdrivenbyacombinationof idiosyncraticnoise and informationasymmetry.
In calendar time, informational asymmetries disappear and the information share and the price discoverymeasure converge. Finally, the
sumof the information shares can be used as an indication of howmuchmicrostructure noise remains in aggregated dealer quotes and is
informative about the speed of price discovery. This information can be used for studies on e.g. realized volatility.

Appendix A. Price discovery in calendar time

This appendix provides the derivation of γ(t) and ISi(t) in calendar time. We start by repeating the definition of γ(t) in
Eq. (23)
and th
γ tð Þ = Σ tð Þ−1β tð Þσ tð Þ2 ðA1Þ
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To simplify notation we will use the shorthand ℓ for ℓ(t), when there can be no confusion that we mean the last quote update
of period t, from time t−1 to t. As another useful shorthand notation we define the (2×2) matrix
and su

using
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Premultiplying γ̄ by ι′ and using the definitions of Vιβ and Vββ establishes that the elements of γ̄ sum to one. To gain more insight
in γ̄ we go back to the original parameterization with αℓ. Recalling Eq. (9),
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xpressing Vιβ and Vββ in terms of αℓ gives
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tuting all coefficients of Eqs. (A14) in (A13) we finally obtain
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The limiting value γ̄ does not depend on σ or δ1, meaning that the price discovery parameters are independent of the process of
the efficient price. Since αℓ depends on τℓ and δ2, the limiting information shares still depend on the most recent duration.

For the information shares we need the (2×1) sub-vectors βi(t) and γi(t) corresponding to the bid and ask quotes of dealer i.
Combining Eqs. (A2), (A4), (A8) and (A9) we get
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