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ABSTRACT:

This paper checks the relevance of alternative spread decomposition models in an order-driven environ-
ment. Using intraday data from Euronext Brussels, we compute estimates of the bid-ask spread compo-
nents provided by eight modeis. Our results support the hypothesis of no inventory holding costs in order-
driven markets. Focusing on adverse selection component, we find high correlation across five models
assuming no inventory holding cost, In order to assess the reliability of the “best” models, 1.e., Huang &
Stoll's (1997) 2-way decomposition, Madhavan et al.'s (1997) method and Lin et al.'s (1995) procedure,
we compare their adverse selection cost estimates with five information asymmetry proxies. However,
results on that point do not allow us to draw definitive conclusions.

RESUME:

(Cet article analyse la pertinence de différents modeles de décomposition de la fourchette de prix dans un
marché dirigé par les ordres. Au moyen de données intra-journaliéres sur Euronext Bruxelles, nous calcu-
lons les estimations des composantes de la fourchette de prix fournies par huit modeles. Nos résultats sup-
portent 'hypothése d'absence de coflits d'inventaire sur les marches dirigés par les ordres. En nous focal-
1sant sur la composante de selection adverse, nous mettons en evidence une correlation elevee entre cing
modéles basés sur l'absence de colts d'inventaire. Afin d'évaluer la validité des “meilleurs” modéles, a
savoir la decomposition en deux parties de Huang & Stoll (1997), la méthode de Madhavan et al. (1997)
et la procedure de Lin et al. (1995), nous comparons leur estimation du cofit de sélection adverse avec cing
mesures d'asymetrie d'information. Les résultats de cette analyse ne nous permettent cependant pas de tirer
des conclusions definitives.
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INTRODUCTION

The bid-ask spread, i.e., the difference between the best quotes available at the buy and
sell sides of the market, has been the center of numerous studies in recent years. This
spread represents the cost that an investor would incur 1f he bought and sold at the same
time one unit of a financial asset, what is generally known as a “round-trip trade”.
Alternatively, the spread represents the gain that a market maker — the liquidity suppli-
er in a quote-driven market — would realize following a round-trip trade.

It is usually considered that the spread helps to cover three different costs:

» The first one, and historically the oldest 1dentified in the literature, is the order pio-
cessing cost; one can think for instance about different kinds of administrative costs
linked to order execution.

« Some authors then argued that market makers use the spread to compensate for some
unwanted inventory positions. Because of their role of hiquidity suppliers, market
makers are obliged to constantly post quotes and must be ready to play as counterparts
for each trade; as a result, they bear an inventory risk due to positions away from their
desired target level. The second spread component is thus the inventory holding cost.
The relationship between the spread and inventory costs has been studied, among oth-

ers, by Stoll (1978), Ho & Stoll (1981) and Amihud & Mendelson (1930).

* The third component is known as the information asymmetry cost or adverse selection
cost. The basic idea, which was first developed by Bagehot (1971), 1s that a market
maker always loses to informed traders, but recovers his losses with gains he earns
from transactions with uninformed traders. The relationship between information

asymmetry and the bid-ask spread has then been the object of numerous theoretical
studies (see for instance Copeland & Galai (1983), Glosten & Milgrom (1985), Easley
& O'Hara (1987)).

Since the mid 80, several authors have attempted to empirically evaluate these various
components of the bid-ask spread. The methods essentially vary in (i) the number of
components they take into account (broadly speaking, some methods consider the exis-
tence of the inventory holding cost while the others do not) and (i7) the way they try to
identify the considered components (a first class of methods 1s based on serial covari-
ance properties of price changes, while a second class estimates the spread components
thanks to regressions on a trade indicator variable).

These spread decomposition models have been largely used in empirical studies for var-
ious purposes. The examples we give hereunder are far from being exhaustive. By com-
paring the spread components between open outcry auction and automated order exe-
cution on the Sydney Futures Exchange, Wang (1999) showed that floor traders are bet-
ter able to assess the presence of adverse information than screen traders. Saporta et al.
(1999) proved that a reduction in the delay of reporting on the London Stock Exchange
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in January 1996 did not have any impact on the relative components of the spread, there-
by suggesting that this change did not affect market liquidity. Menyah & Paudyal (2000)
studied how the spread components are affected by stock liquidity on the London Stock
Exchange. Dennis & Weston (2001) analyzed the relationship between the adverse
selection component of the bid-ask spread and the ownership structure of firms and sug-
gested that institutions and insiders were better informed than individual investors.
Elder et al. (2004) consider the impact of tracking stocks on the adverse selection com-
ponent of spreads posted by market makers.

All the papers we have cited here above focus on quote-driven markets. Indeed, the intu-
ition that lies behind the existence of the spread components, as well as the models pro-
posed to estimate them, have all been developed within the context of quote-driven
markets, where a market maker 1s obliged to post quotes at which he must be prepared
to trade. However, the existence of the bid-ask spread in an order-driven environment
has been theoretically showed (Foucault (1999), Glosten (1994)), and most of the spread
decomposition models have been applied in order-driven markets (e.g., Silva & Chavez
(2002), Vandelanoite (2002), Declerck (2002)). The choice of the model 1s an important
question, but we do not know any article that compares the results provided by various
models within an order-driven environment. The idea that often guides the choice of the
model to apply in an order-driven market 1s that the inventory holding component of the
spread 1s not relevant because no market maker i1s committed to supply hquidity. While
intuitively appealing, this hypothesis has nevertheless never been checked in the litera-
ture. Some features of order-driven markets, such as the presence of implicit market
makers or what is known as “liquidity provider agreements”, prevent us from definite-
Iy eliminating models that estimate an inventory holding component. Our objective in
this paper 1s to compare the results provided by a wide range of spread decomposition
models, including those that contain an inventory holding component, when they are
applied in order-driven markets. Our will to achieve exhaustiveness in this particular
environment is our main contribution to the literature.

A first step can consist in checking whether the estimates provided by the alternative
models are plausible and consistent with each other. A second step can analyze if the
components measure what they pretend to measure. Indeed, while the spread decompo-
sition models are often used in the empirical literature, there are still some doubts about
whether the adverse selection component of the spread is really a proxy for information
asymmetry. Neal & Wheatley (1998), for instance, do not find any significant differ-
ence between adverse selection components estimated for closed-end funds and for a
matched sample of common stocks. This result seems puzzling for the authors who pre-
dicted lower adverse selection for closed-end funds, because they report their net asset
values weekly which thus eliminates uncertainty about their current liquidation value.
According to Neal & Wheatley, this suggests either that adverse selection arises prima-
rily from factors other than current liquidation value or that the empirical models are
misspecified.

93



A COMPARISON OF ALTERNATIVE SPREAD DECOMPOSITION MODELS ON EURONEXT BRUSSELS

Van Ness et al. (2001) examine the performance of five spread decomposition models
by comparing the adverse selection estimates to other measures of information asym-
metry — volatility, analysts forecast errors, dispersion of analysts earnings forecasts, etc.
— and informed trading — the number of analysts that follow the stock and the percent-
age of shares owned by institutions. As the adverse selection components appear unre-
lated to measures of uncertainty, the authors suggest that “the adverse selection models
measure adverse selection weakly at best”. Another explanation, that they consider as
less likely, is the weak ability of their corporate finance variables to measure informa-
tion asymmetry. Clarke & Shastri (2000) obtain more optimistic results using a similar
approach. They find that adverse selection estimates tend to be related to firm charac-
teristics that should be ex-ante associated with information asymmetry, and that month-
Iy changes in these estimates are significantly correlated with annual changes 1n the cor-
porate finance proxy varlables.

In the same spirit as Van Ness et al. (2001) and Clarke & Shastri (2000), we want to
assess the validity of spread decomposition models, but once again within the context
of an order-driven market. We will compare the adverse selection estimates with other
information asymmetry proxies derived from the limit order book.

To fulfill our objectives, we use intraday data for 19 stocks belonging to the Belgian
BEL20 index traded on Euronext Brussels, which is a pure order-driven market that has
rarely been analyzed until now.

We encounter some difficulties in applying both models that take the inventory holding
cost into account. While Stoll's (1989) model produces estimates of the probability of
trade reversal that seem inconsistent with our data set, Huang & Stoll's (1997) 3-way
decomposition procedure provides values that are either insignificant or irrelevant. But
these results are consistent with the hypothesis that liquidity providers in order-driven
markets do not have to really manage their inventory as they are not obliged to trade.

The spread decomposition models that consider only adverse selection and order pro-
cessing costs produce more reliable results. At the exception of George et al.'s (1991)
method, the adverse selection components provided by these models are highly corre-
lated with each other. In particular, we suggest that Huang & Stoll's (1997) 2-way
decomposition, Lin et al.'s (1995) method and Madhavan et al.'s (1997) procedure — the
latter to a lesser extent — are the “best” models to use in an order-driven market.

We then concentrate on adverse selection estimates provided by these three models and
compare them with five information asymmetry proxies derived from market
microstructure literature. We find that these estimates are positively correlated with
only two of our proxies. This can indicate either that some of our information asymme-
try proxies are not appropriate, or that adverse selection components do not perfectly
measure information asymmetry. Results on this subject are thus inconclusive.
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This paper 1s organized as follows. In Section 1, we provide a clear typology of the
existing spread decomposition models. Section 2 discusses spread decomposition in
order-driven environments, describes the microstructure of Euronext Brussels and pres-
ents some descriptive statistics of our sample. Spread components estimates given by
the alternative models are provided in Section 3. Section 4 focuses on a comparison

between adverse selection components and other information asymmetry proxies.
Section 5 concludes.

1. TWO DECADES OF SPREAD DECOMPOSITION MODELS

This section i1s devoted to a quick survey of the main spread decomposition models
developed 1n the literature. For each model, we 1dentify the components that are esti-
mated as well as other more specific characteristics. As our goal here is to provide a
clear typology of these models, we will stay at a general level, leaving the presentation
of more detailed equations for Section 3 where we apply some of those methods.

Broadly speaking, there are two general classes of spread decomposition models: (i) the
covariance-based models and (ii) the trade indicator models.

The covariance-based models find their origin in Roll’s (1984) spread estimator. Under
the assumption that the market maker faces only order processing cost, Roll proposes to
estimate the quoted spread with the following formula :

S =2y/~COV(AP;, AP;_1)., where P, is the transaction price at time ¢.’

In Stoll's (1989) model, following the introduction of the inventory holding and adverse
selection components, the realized spread, defined as the difference between the price
at which a dealer sells at one point in time and the price at which he buys at an earlier
point 1n time, can be inferior to the guoted spread. On the basis of two covariances, the
covariance of price change and the covariance of quote change, his model provides an
estimate of the realized spread expressed as a fraction of the quoted spread. The differ-
ence between the realized spread and the quoted spread is the adverse selection compo-

nent. The realized spread itself can be decomposed into the order processing and the
imventory holding costs. The spread components are in fact combinations of two other

estimated parameters: 1 , the probability of trade reversal, and 9, the magnitude of a
price change expressed as a fraction of the spread.

The w parameter 1s particularly interesting. If a market maker 1s risk-averse, he will try
to reduce his imnventory risk: after a buy (sell) trade from an investor, the market maker,
who does not want to depart too far from a pre-specified target level of inventory in the
stock, will revise his bid and ask quotes upward (downward), in order to induce sell

' Alternatively, you can work with the natural log of the transaction price. In that case, AP, is the continuously com-
pounded rate of return and S is an estimate of the relative spread, i.e., the spread expressed as a fraction of the
price.

93



A COMPARISON OF ALTERNATIVE SPREAD DECOMPOSITION MODELS ON EURONEXT BRUSSELS

(buy) transactions from the next investor. So the conditional probability that a particular
trade is buyer- (seller-) initiated given that the previous one was seller- (buyer-) ini-
tiated is higher than 0.5. The presence of an inventory holding component is thus
associated with a 7 value superior to 1/2.

George et al. (1991) show that the spread estimates defined by Roll (1984) and Stoll
(1989) are downward biased, because they do not take into account the time varia-
tion in expected returns. They propose a new approach that provides unbiased and
efficient estimators of the spread and its components. Their approach uses a spread
measure based on the serial covariance of the difference between transaction returns
and returns using bid prices (which helps to eliminate the time-varying expected
return). George et al. decompose the bid-ask spread in only two components: the
order processing cost and the adverse selection cost.

In the covariance-based models of Stoll (1989) and George et al. (1991), two steps
are necessary to obtain the spread components: (i) various serial covariances first
need to be computed; (i) these serial covariances are then regressed on the quoted
spread.

In the trade indicator models, the spread components are estimated through a regres-
sion of price changes on a trade indicator variable, 1.e., a variable that equals +1 1f a
trade is buyer-initiated and -1 if it is seller-initiated. George et al.'s (1991) model has
been adapted by some authors (Neal & Wheatley (1998), Van Ness et al. (2001)) n
order to obtain the spread components by directly regressing the difference between
transaction returns and returns using bid prices on the trade indicator variable. This
version of George et al. (1991) enters into the second category of spread decompo-
sitton models.

Glosten & Harris (1988) propose a model where the bid-ask spread 1s divided into
order processing and adverse selection costs. The main originality of their approach
is to consider these two components as linear combinations of trade size so that the
spread itself can vary with trade size. After several trials, they argue that the best
model specification is characterized by a constant order processing cost and an
adverse selection cost that increases with trade size. This view 1s consistent with
informed traders trading larger quantities in order to maximize the return of their
private information (Easley & O'Hara (1987)).

Lin et al. (1995) also provide a 2-way decomposition model, with order processing
and adverse selection costs. They have a slightly different approach, since their
model is essentially based on the effective spread, 1.e., the difference between trans-
action price and quote midpoint. Their model also provides a third parameter that

> Note that the unconditional probability that a given trade is buyer- or seller-initiated remains unchanged at 0.5.
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represents the extent of order persistence. The various parameters are obtained
through the non-simultaneous estimation of three different equations.

As 1n Glosten & Harris (1988) and Lin et al. (1995), the model of Madhavan et al.
(1997) produces order processing and adverse selection spread components. In addi-
tion, their method provides an estimate for three other parameters: the probability a
transaction takes place inside the spread, the probability of trade reversal and the
first-order autocorrelation of the trade initiation variable.

Finally, Huang & Stoll (1997) propose a model which can encompass most of the
previous ones: Roll (1984), Stoll (1989), George et al. (1991), Glosten & Harris
(1988) and Madhavan et al. (1997). In the 2-way decomposition, the first parameter
1s the sum of the adverse selection and inventory holding costs, while the second
parameter represents the order processing component. In the 3-way decomposition,
Huang & Stoll further decompose the first parameter from the 2-way decomposition
into its two components, by the use of the probability of trade reversal, once again
supposed to be superior to 0.5.

The typology given in Table 1 provides a helpful summary of the models described
in this section. It 1s interesting to notice that only two models estimate the three clas-
sical components of the bid-ask spread: Stoll (1989) and Huang & Stoll's (1997) 3-
way decomposition. All the other models do not take the inventory holding cost into
account.

We must highlight here that other spread components have been proposed in the lit-
erature next to the three traditional ones. One of them 1s the market maker rent or
profit markup, resulting from the noncompetitive behavior of market makers (see for
instance Levin & Wright (2004)). Another component is the search cost identified 1n
an experimental inter-dealer market in Flood et al. (1998). We mention these com-
ponents here, but we will not consider them in the rest of the paper. Both components
are indeed marginally treated in the literature and they are clearly related to dealer
markets, while we will focus on an order-driven market.
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2. EURONEXT SPECIFIC FEATURES FOR SPREAD DECOMPOSITION

2.1. SPREAD COMPONENTS ESTIMATION IN AN ORDER-DRIVEN ENVIRONMENT

Although Glosten (1994) suggests certain advantages for the order-driven environment,
the superiority of the limit order book remains an open empirical issue. Indeed, while
several papers evidence lower trading costs on order-driven markets (see for example
Swan & Westerholm (2004)), other papers suggest that fully automated trading systems
may not be able to replicate the benefits of human intermediation on a trading floor
(Venkataraman (2001)).> Anyway, the growth of new Alternative Trading Systems,
Nasdaq development of SuperMontage, and the choice of an order-driven environment
by most European exchanges* make it more relevant to understand the behavior of bid-
ask spreads observed on order-driven markets.

Although more and more papers® now focus on limit order trading, there is a need for
additional research dealing with the components of the bid-ask spread. At this point in

time, no spread decomposition model has been developed in the context of purely order-
driven markets.

In an order-driven market, order processing and adverse selection costs® can affect order
placement of limit order traders and it is thus natural to see these costs as bid-ask spread
components. However inventory holding cost does not seem that relevant since no mar-
ket maker is committed to supply liquidity. Let us notice that, in most order-driven mar-
kets, we observe the existence of implicit market makers who are simultaneously sub-
mitting buy and sell orders for their own account. Even if they are not committed to sup-
ply liquidity, these traders can face a deviation in their inventory position and adjust
their order placement in such a way that the bid-ask spread can be enlarged. In addition,
liquidity provider agreements sometimes exist in order-driven markets in order to
enhance liquidity for low volume stocks.’

The features and behaviors observed in order-driven markets prevent us to automatical-
ly reject spread decomposition models including an inventory cost component, even if

' Let us notice that the author thinks that future developments could improve trading rules in order to better meet
the requirements of a variety of market participants.

* Other exchanges around the world, such as the Australian Stock Exchange, the Stock Exchange of Hong Kong or
the Toronto Stock Exchange, also work with a limit order book and without market makers.

* For example, Parlour (1998) and Foucault (1999) analyze the choice between limit order and market order. Handa et al.
(2003) model quote setting in an order-driven environment and evidence several factors affecting the size of the spread.

 As shown by Glosten (1994), the existence of adverse selection costs generates positive bid-ask spreads in an
order-driven market.

" A liquidity provider agreement is a contract between the stock exchange and a dealer. The latter commits himselt
to continuously quote a bid price and an ask price during the trading session. Actually, he has to submit buy and
sell orders in order to guarantee that the spread does not exceed a given level. An example of these agreements 1s
analyzed by Declerck & Hazard (2002). Analyzing 38 representative stock exchanges in the world, Swan &
Westerholm (2004) show that European hybrid markets, where continuous trading occurs in a limit order book and
dealers are present in medium to low liquidity stocks, have the lowest effective spreads.
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inturtion leads to think that this component 1s less important in an order-driven envi-
ronment. So, in order to be exhaustive, all the models presented in Section 1 will be esti-
mated 1in this paper.

Even if spread components estimation in order-driven markets did not lead to any ded-
icated theoretical proposition, several empirical investigations were conducted on these
markets using models developed 1n the context of quote-driven markets.

Using Stoll’s (1989) model, Silva & Chavez (2002) estimate the spread components on
a sample including stocks from the NYSE and from the Mexican Stock Exchange
(MSE). As the MSE 1s an order-driven market where liquidity suppliers have no affir-
mative obligation to provide liquidity, their expectation was that the inventory cost com-
ponent should be lower on this market than on the NYSE. Their results show that order
processing cost and inventory holding cost are not significantly different across
exchanges but that adverse selection cost 1s much more important on the Mexican Stock

Exchange. Ahn et al. (2002) estimate the spread components in the limit order book of
the Tokyo Stock Exchange using Madhavan et al.’s (1997) model. According to the

authors, this model has an attractive feature since it considers that inventory costs are of
a less important concern for limit order traders. The same reasoning drove the choice
made by Vandelanoite (2002) and Brockman & Chung (1999) to use Lin et al.’s (1995)
model. While Vandelanoite (2002) examines the adverse selection cost around takeover
announcements in the French market, Brockman & Chung (1999) analyze the bid-ask
spread components on a purely order-driven market : the Hong Kong Stock Exchange.
Another analysis of bid-ask spread components has been proposed by Declerck (2002)
who used Huang & Stoll’s (1997) model to estimate the three cost components.

2.2. EURONEXT BRUSSELS MICROSTRUCTURE

Euronext i1s the result of the merger of the Pans, Brussels and Amsterdam Stock
Exchanges in September 2000.° These stock exchanges now operate through an homo-
geneous trading system, which is called NSC (Nouveau Systeme de cotation). This sys-
tem 1s a continuous electronic order-driven system, where transactions result from the
crossing of buy and sell orders placed by investors. Two kinds of orders are often used
on Euronext: (i) limit orders, that specify a limit price above (under) which the investor
1s not ready to buy (sell); (ii) market orders, which do not specify any limit price, but
are treated as limit orders presenting a limit price equal to the best price available at the
opposite side of the market at the time they are submitted. Whenever an order 1s placed
at a price which 1s equal to or better than the best price proposed at the opposite side of
the market, a transaction takes place. Orders that are not immediately fully executed are
recorded 1n an electronic limit order book; the system enforces price and time priority.

* Three markets have recently jolned the three initial partners into Euronext: the Lisbon and Porto Stock Exchanges
and the LIFFE.
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Market participants can see at any time the five best limits at each side of the mar-
ket, with the associated displayed depth.” Even if Euronext can be considered as a
rather transparent market, participants can use hidden orders, i.e., orders whose
some part of the quantity 1s not disclosed to other participants. This hidden quanti-
ty keeps price priority but loses time priority. Except for the most liquid stocks,
Euronext authorities have sometimes an agreement with a liquidity provider who is
then committed to supply liquidity to the market during the whole trading session.
Actually, this liquidity provider has to submit buy and sell orders in order to guar-
antee that the spread does not exceed a given level.

The market opens at 9:00 AM with a call auction, which helps to determine an effi-
cient opening price after the night interruption (see Biais et al. (1995)). This auction
1s preceded by a pre-opening period (from 7:15 AM) where all investors can place,
modify or cancel orders without any transaction taking place. The market closes at
5:30 PM with another call auction preceded by a 5-minute pre-closing period in the
same spirit as the pre-opening one. A “trading at last” period was recently intro-
duced on Euronext Brussels and gives investors the opportunity to trade until 5:40

PM at the closing price, 1.e., at the price determined by the auction mechanism at
5:30 PM.

2.3. DATA CONSTRUCTION AND DESCRIPTIVE STATISTICS

As Euronext Brussels 1s not very liquid compared with the French and Dutch market
segments, we focus on the most traded Belgian stocks. The data used in this paper were
given by Euronext authorities. They include all trades, quotes and orders for the com-
panies belonging to the Belgian Bel20 index for the months of October, November and
December 2002 (64 trading days).” The ID codes of Euronext members who placed the
orders were also provided."

Our 1nitial data set contains a total of 524 198 transactions. This represents an aver-
age of approximately 431 transactions a day for each stock. We decide to exclude
from our sample the so-called “applications”, since they are in fact prearranged
trades that do not result from the classical crossing of buy and sell orders in the order
book (there were 2 853 applications in our sample). We also decide to drop transac-
tions that emerged from the auction mechanisms at the beginning and at the end of

the trading day, as well as “trading at last” transactions. Applying these rules lets us
with a subset of 491 249 trades.

* Since December 1, 2003, participants have access to the whole limit order book.

" As GIB was replaced by Mobistar in the index composition during this period, we excluded both stocks from our
sample. There are thus 19 stocks in our final sample.

' Actually, these 1D codes are not sufficient to know the market members’ identities but allow us to isolate the
whole set of orders or trades associated to a given member from the other orders and trades of the sample. They
also allow for an identification of the order generating a trade.
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The next step in our data set construction is to sign transactions, 1.e., to determine
whether a transaction was buyer- or seller-initiated. This is necessary for trade 1ndi-
cator spread decomposition models. Most of the studies that need to sign transac-
tions use the well-known Lee & Ready’s (1991) algorithm based on the position of
the transaction price relative to the prevailing bid-ask spread, but we did not follow
this approach. Thanks to the ID codes, we can identify for each transaction both
orders generating the trade. By comparing the time submission of each order, we
can find the trade sign: a transaction is buyer- (seller-) initiated if the buy (sell)
order was submitted after the sell (buy) order. In cases where both orders were
submitted exactly at the same time, we arbitrarily assigned a trade indicator value.
These cases represent only 0.7% of our sample of trades and should not bias
our results.

Some studies aggregate all trades that are recorded at the same time, based on the
hypothesis that these transactions result from a single order (see for instance
Vandelanoite (2002)). Our data allow us to see whether these transactions actually
emerge from a single order, so that our aggregation procedure 1s more accurate. For
each of the aggregated transactions, we compute a new single price, which 1s the
mean of all prices weighted by the number of shares traded at each price. This
aggregation leaves us with a total of 332 121 transactions.

The last step in our data set construction is to associate to each transaction the pre-
vailing quoted bid-ask spread. We therefore rebuild the limit order book, following
the methodology developed by De Winne & D’Hondt (2004). This provides us with
a comprehensive data set, giving for each state of the book detailed mmformation
such as the five best limits with the associated displayed and hidden depths. If dif-
ferent events affect the order book within the same second, we only keep the last
state in our rebuilt order book file.

Table 2 provides some descriptive statistics based on our final sample including
332 121 transactions. In the upper panel, we find 12 stocks for which liquidity is
exclusively supplied by limit order traders. For the other 7 stocks in the lower panel,
a liquidity provider is committed to supply additional liquidity. Globally, there exists
an important disparity in terms of liquidity across the 19 stocks of our sample, as the
two most traded companies (Fortis and Dexia) represent 35.72% of the total number
of trades, while the three less traded companies (IBA, D'leteren and Tessenderlo)
each account for only 1 % of that amount. The mean daily number of transactions
ranges from 55.09 (IBA) to 996.89 (Fortis), with a sample average of 273.13. For
some companies like Umicore, D'leteren and IBA, the minimum number of transac-
tions per day can be very low. As expected, stocks with a liquidity provider are less
traded than the other ones, but there are three exceptions. IBA and Barco, despite
having no designated liquidity provider, are not heavily traded. On the other hand, we
may wonder why a liquidity provider has been affected to Omega Pharma.
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On average, the quoted spread is equal to 0.1666 euros, with values ranging from
0.0187 to 0.807 euros. This quoted spread represents on average 0.42% of the mid-
quote. We can highlight a negative relationship between spread and trading volume,
as the companies presenting the highest relative spread also have the lowest mean
number of transactions (e.g., Tessenderlo, D’Ieteren, IBA, Barco). For all stocks, the
effective spread’ is higher than the quoted spread. This result is a direct and logical
consequence of the aggregation procedure: lots of the aggregated transactions occur
at a (new) price which is outside the quoted spread

3. THE COMPONENTS OF THE BID-ASK SPREAD ON EURONEXT BRUSSELS

We now turn to the spread components estimates. In addition to the set of cost com-
ponents estimated through a model, another important feature of the model is the
assumption about the probability of trade reversal. While Lin et al.’s (1995) model
1s based on the i1dea that buyer- (seller-) initiated trades tend to follow buyer- (sell-
er-) initiated trades, Huang & Stoll (1997) assume a probability of trade reversal
higher than 0.5. For each stock, we provide in Table 2 an estimate for the trade rever-
sal probability, simply computed as the proportion of transactions that represent a
reversal compared to the previous one (a buy that follows a sell or a sell that follows
a buy). For all stocks in our sample, this probability is lower than 0.5, showing a
clear tendency toward trade continuation. No difference appears between the stocks
with and without a liquidity provider. These results tend to support the hypothesis
that the inventory holding component is not relevant in an order-driven market.
However, as our goal 1s to achieve exhaustiveness, we will use all the models pre-
sented in Section 1.

We will begin with models that estimate all three parameters. We will then present
the results for the 2-component models, that we will group according to their simi-
larities in the estimation procedures.

" The effective spread is measured as 2 |P~M,| where M, is the mid-quote prevailing before a transaction occurring
at a price P,
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3.1. SToLL’s (1989) MODEL

Defining P, and B, as the transaction price and the quoted bid price at time ¢, Stoll
g 1 r P 4 P
(1989) first defines the following serial covariances'’:

COV,= COV(AP, AP, ) (1)

COV,= COV(AB,, AB, ) (2)
Both covariances are then regressed against the square of the quoted spread S :

COVr=a,+a ;S5 +u (3)

COI/Q — bﬂ+b]S‘2+V (4)

where # ad v are random errors. Under the assumption of market efficiency, parame-
ters a, and b, should equal 0. The estimated parameters a, and b, are then related to

two other essential parameters in the model, w (probability of price reversal) and o
(magnitude of a price change expressed as a fraction of the spread), by the equations
hereunder:

a, = 92(1-2m)-m2(1-29) (5)
b, = 3%(1-2m) (6)

The realized spread (expressed as a proportion of the quoted spread) is then meas-
ured as 2(m-d). It is the sum of the order processing (7y) and inventory holding (B)
costs. The difference between the quoted spread and the realized spread is the
adverse selection cost o'

a=1-2(m - 9d) (7)
B =2(m - 0.5) (8)
v = 2(0.5-0) (9)

* COV can alternatively be calculated with ask prices 4, instead of bid prices. Results should normally be equiv-
alent under the assumption of a constant spread.

" In the rest of this paper, we will keep letters o , B and vy to designate respectively the adverse selection, inven-
tory holding and order processing components expressed as a proportion of the spread. In the same aim of coher-
ence, we will always use the same notation for the same concepts. The logical consequence is that our notation
can differ from the one presented in the original papers.

105



A COMPARISON OF ALTERNATIVE SPREAD DECOMPOSITION MODELS ON EURONEXT BRUSSELS

Stoll (1989) uses data from Nasdaq and for the months of October, November
and December 1984, He provides estimates of the spread components globally for
all stocks in his sample. With 1 = 0.550 and d = 0.265 , the realized spread repre-

sents 57% of the quoted spread and the spread components are: o = 0.43, 3 = 0.10,
and 'y = 0.47.

In contrast to Stoll (1989), we want to provide estimates of the spread components
for each of the 19 stocks of our sample. We first calculate COV,, COV, and § for
each stock and for each day (this needs working with intraday prices and quotes). For
each stock, we then estimate Equations (3) and (4), using for each regression 64
observations corresponding to the 64 trading days in our sample.” This provides for
each stock the parameters a, and b, necessary to compute the spread components

(Equations (5) to (9)).

Let’s first concentrate on results presented in Table 3, where COV, 1s calculated with
bid quotes. We note that, consistent with the hypothesis of efficient markets, most of
a, and b, estimates are not significantly different from 0. The parameter a; 1s almost
always significant at the 1% level, while lots of b, values are significant either at the |
or 5% level (these results seem consistent with Stoll’s (1989) ones). We think the most
important result lies in values taken by the probability of trade reversal, 7 , which 1s
higher than 0.5 for all stocks. This is inconsistent with the results we have presented 1n
Table 2 where we highlighted a clear tendency of trade continuation, but this is coher-
ent with the intuition of the model. Of course, the higher the m parameter, the higher
the inventory holding component 3 . Stocks with a liquidity provider do not seem to
exhibit an inventory holding part superior than for other stocks. Some parameters pres-
ent inconsistent values: o is negative for Electrabel and Dexia, which consequently
present a realized spread superior to the quoted spread; vy 1s also negative for GBL. The

adverse selection component a lies in a wide range, between 10.3% (Delhaize Group)
and 92.14% (D’leteren).

FrapTEn

1563 observations are used in the case of Umicore, as it 1s impossible to calculate COV,; and COVQ for one day in
our sample due to a foo small number of trades — see Table 2.
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Table 4 provides the results where we have used ask quotes to compute COV, . We
once again observe some inconsistent estimates: o 1s still negative for Electrabel and
Dexia, and B is negative for Dexia - because the  parameter is inferior to 0.5. If the
realized spread, and thus the parameter « , is of the same magnitude as in Table 3,
there are some important differences in the inventory holding and order processing
components. Let’s take the example of Delhaize Group, that presents in both tables

a realized spread of approximately 0.9, but where the parameter P ('y ) shows a value
of 0.65 (0.24) with bid quotes and of 0.36 (0.52) with ask quotes.
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So we do not think that the results of Stoll’s (1989) procedure are very relevant, as
they can vary depending on the side of the quote used, and because they show a ten-
dency of trade reversal where there is in fact a trend toward trade continuation. We

however do not rule out the possibility that part of the inconsistency in our results 1s
driven by the relatively low number of observations used in the estimation of regres-

sions (3) and (4).

3.2. HuanG & StoLL’s (1997) 3-WAY DECOMPOSITION MODEL

We now turn to the second “complete” spread decomposition model. Defining M, as
the quote midpoint at time ¢ (M, = (B,+4,)/2), S, as the posted spread at time ¢ and Q,
as the trade indicator variable (equal to +1 if a transaction i1s buyer-initiated and -1
if it is seller-initiated), Huang & Stoll (1997) measure the three components of the
spread «, B and v = 1-a-f thanks to the simultaneous estimation of the two equa-
tions hereunder:

E(Q:-1|Qt—2) = (1 - 2m)Q¢—2 (10)

St—9

5 Qt—2 + e (11)
where e, 1s an error term.

We use a GMM procedure in order to provide for each stock an estimate for all
parameters present in the above model. The results are given in Table 5. They once
again do not seem very consistent, as 15 out of the 19 o estimates are negative.
Moreover, six o values, including three positive ones, are not significantly differ-
ent from 0. It is striking to note that these six values concern stocks for which there
exists a liquidity provider, but we cannot find any plausible reason to explain this
finding. The inventory holding component of the spread 1s however not systemati-
cally higher for these stocks.
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TABLE 5. ESTIMATES FROM HUANG & STOLL'S (1997) 3-WAY DECOMPOSITION MODEL

Stock Probability of Adverse Inventory Order
trade reversal selection holding processing
T o & Y

SOLVAY 0.3569*** -0.6463*** 0.2210%** 1.4253
DELHAIZE GROUP| 0.3728*** -1.03947** 0.2879*** 1.7515
KBC (0.3502*** -0,9204*** 0.2576*** 1.6628
ELECTRABEL 0.3840*** -0,9528*** 0.2717*** 1.6811
DEXIA 0.3728™** -0.7256™ %" 0.3614™** 1.3642
LCB 0.3326**~ -0.8144%** 0.2309>*~ 1.5835
FORTIS (0.3466™** -0.7614**> 0.5731%** 1.1884
AGFA-GEVAERT 0.3172**~ -2.6937%*~ 0.5440*** 3.1498
IBA 0.3826*** -1.1439*** 0.2714%** 1.8724
BARCO (NEW) 0.3364"** -1.0334*** 0.2955%** 1.7379
INTERBREW 0.3581*** -1,3797%** 0.4171%** 1.9627
GBL 0.3278*** 0.5509** 0.1826™** 0.2665
TESSENDERLO 0.3459**~ -6.8909 1.1636 6.7273
UMICORE 0.3263*** (0.4350 0.1493** 0.4157
DIETEREN 0.3185**~ 0.0469 0.2886*** 0.6645
ALMANIJ 0.3237%** -0.0473 0.2398*** 0.8075
COLRUYT 0.3141%** 0.0671 0.1530>**~ 0.7799
BEKAERT 0.3547*** -0.1126 0.2670™** (0.8456
OMEGA PHARMA | 0,3393*** -1.9049*** 0.0856™ 2.8193

This table provides for 19 stocks belonging to the Belgian BEL20 index the results from Huang &
Stoll's (1997) 3-way decomposition model. Stocks in italic in the lower panel are those for which there
exists a Liquidity provider.

Parameters 1, o and 3 are obtained through the simultaneous estimation of the following two equations:

E(QH | Qr-wz) = (1 - ZE)QI*E
AM, = (o + ﬁ)%-LQ,_#, ~ (1 27::)-‘-?-‘-'2-“:%« o te,

where @, is a trade indicator variable (+1 if a trade is buyer-initiated and -1 if it is seller-initiated),
M.s the quote midpoint, S; is the quoted spread and e, is an error term.
v is calculated as 1-a-8.

The marks ***, ** and * represent significance at respectively the 1, 5 and 10% level

Estimation problems were also encountered by Huang & Stoll (1997), as well as by
other authors who applied this model (e.g., Van Ness et al. (2001), De Winne &
Platten (2003)) and are thus not specific to order-driven markets, as all these authors
worked on dealer markets.' The origin of these bad results lies in the low value of ,
which 1s lower than 0.5 for all stocks and 1s thus not coherent with the intuition of the

e

' Declerck (2002) does not highlight the problem when she applies Huang & Stoll’s (1997) 3-way decomposition
to 37 stocks from the CAC40 index traded at the Paris Bourse. We only know that, in her results, the adverse
selection component ranges from -0.24 to 0.43 with an average of 0.10, We do not have any information about
the number of irrelevant values she obtained.
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model (as explained in Section 1). However, the estimates of w provided by Huang &
Stoll’s (1997) 3-way decomposition are both highly significant and highly correlated with
our own estimates of the probability of trade reversal given in Table 2 (the correlation coet-
ficient is almost 1). These estimates are thus consistent with our data set.

Huang & Stoll (1997) argue that a possible source of the positive serial covariance
in trade flows is that orders are broken up as they are executed. Orders could be nega-
tively serially correlated as their theory suggests, but the trades are positively serially
correlated. Their approach to deal with that problem is to bunch related data, 1.e., to treat
a cluster of trades at the same price and unchanged quotes as a single order. This pro-
cedure does not have any sense in our case, as we already aggregated trades that hap-
pen at the same time and result from a single order.

In a recent paper, Henker & Wang (2004) showed that there is a misspecification n
Huang & Stoll’s (1997) 3-way decomposition, which is the origin of the low or even neg-
ative values often found for o in many studies. They propose a correction for the model,
and show that this correction indeed better performs than the original model."” However,
most of the stocks in their sample exhibit a 7 value higher than 0.5, and the authors do
not present results for the stocks where - is inferior to 0.515. So their correction 1s not
expected to provide any improvement with our data. We applied the corrected model and
indeed found results qualitatively similar to those provided in Table 5.

3.3. GEORGE ET AL.S (1991) MODEL

This model is based on the difference between transaction price change and quoted bid
change: RD, = A P,- A B;(where the subscript 7 indicates that the quoted bid change
is measured on the basis of the bid price immediately following the transaction at time ¢).

Their estimator of the realized spread, that we denote Sy , is very similar in appearance
to Roll’s (1984) estimator:

Sp = 2/—~COV(RD;, RD;_;) (12)

The following regression provides an estimate for the order processing cost -y :

Sp=c+75 +e (13)

where S is the quoted spread, ¢ must normally be equal to 0 and € is the error term. The
adverse selection cost 1s o = 1~y .

We first compute S, and S for each stock and for each day. We then estimate Equation
(13) for each stock. Results are provided in Table 6. We see that most of ¢ values are not

7 For instance, for S&P500 stocks listed on the NYSE during the year 1998, only 28.86% of adverse selection param-
eter estimates are larger than zero with the original model, while 65.67% are positive with the corrected specification.

s Results are not presented here but are available from the authors upon request.
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significantly different from 0 while all -y estimates are highly significant (but six of
them present incoherent values, i.e., values superior to 1). The values of -y range from
0.4197 to 1.5043, and most of them are relatively high, 13 being superior to 0.7; it thus
seems that the order processing cost is the most important part of the bid-ask spread.
The results provided by that procedure are globally not very consistent. However, we
must be cautious in the interpretation, as the maximum number of observations in esti-
mating Equation (13) for each stock is equal to 64."

TABLE 6. ESTIMATES FROM GEORGE ET AL.'S (1991) MODEL

Stock C Order processing -y Adverse selection o
SOLVAY 0.0141 1.0220*** -0.0220
DELHAIZE GROUP | -0.0021 1.1493%*~ -0.1493
KBC 0.0024 1.1338*** -0.1338
ELECTRABEL -0.0808*** 1.5043%%* -0.5043
DEXIA -0.0022 1.2203*** -0.2203
UCB 0.0161% 0.8636**~ 0.1364
FORTIS 0.0026 1.10827** -0.1082
AGFA-GEVAERT 0.0089** 0.8305*** 0.1695
IBA 0.0264*** 0.4197*** 0.5803
BARCO (NEW) 0.0501% 0.6565™** 0.3435
INTERBREW 0.0158** 0.8473%** 0.1527
GBI, 0.0445% 0.5845*** 0.4155
TESSENDERLO 0.0333 0.6932**~ 0.3068
UMICORE 0.0059 0.8910*** (0.1090
D'IETEREN 0.2152*** 0.5187*** 0.4813
ALMANIJ 0.0156 0.8228*** 0.1772
COLRUYT 0.0435 0.75697** 0.2431
BEKAERT 0.0577** 0.6447*** 0.3553
OMEGA PHARMA 0.0078 0.8740>** 0.1260

This table provides for 19 stocks belonging to the Belgian BEL20 index the results from George et al’s
(1991) model. Stocks in italic in the lower panel are those for which there exists a liquidity provider.

Parameters ¢ and <y are obtained through the estimation of the following equation:
Sp = c+yS+e where SR=2 \/ ~COV(RD;, RD;;) . S is the quoted spread and € is the error term. RD, =
AP; -ABy (where the subscript T indicates that the quoted bid change is measured on the basis of
the bid price immediately following the transaction at time t ).

o is calculated as 1-y .

The marks ***, ** and * represent significance at respectively the 1, 5 and 10% level.

” It is sometimes impossible to compute COM(RD,, RD,_;, due to a lack of transactions, It can also be impossible to com-
pute S, when COM(RD, RD, ) is positive. The lowest number of observations used for an estimation equals 54.
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3.4. GLOSTEN & HARRIS’ (1988) MODEL

The main assumption of Glosten & Harris’ (1988) model is that the spread components
are linear functions of the transaction size V,.”* As a consequence, the spread can vary
through time. Define Z = z,+z,V, as one-half of the adverse selection component and
C = ¢y + ¢,;V, as one-half of the order processing component, both expressed in mone-
tary terms. The four parameters z,, z;, ¢, and ¢; are estimated on the basis of the fol-
lowing regression:

AP, = cpAQ, e MOV )+zgQrz,0,V i Fe, (14)
where €, 1S an error term.

Defining V as the average transaction size, the spread is estimated by:

S = 2(cgte, V)+2(z4tz,V) (15)

while the adverse selection and order processing components expressed as a fraction of
the spread are given by:

2 v
o= 2raV) (16)
2(60 -} (31V) -+ 2(2’0 + 21V )
2(cg + 1V
Yy = i (........0 L ) e 2 1 e (¥ (17)

2(co +e1V) + 2(z9 + 21V)

Glosten & Harris (1988) find that the best model specification is to consider that the
order processing cost is constant (C' = ¢,) and that the adverse selection cost varies with
transaction size but without constant term (Z = z,V,). In this paper, we decide to esti-
mate two model specifications: (1) the general model with all parameters and (2) the
constrained model as advised by Glosten & Harris (1988). Results are provided in
Tables 7 and 8 respectively.

kel

* Transaction size is the number of shares traded per transaction.
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TABLE 8. ESTIMATES FROM GLOSTEN & HARRIS' (1988) MODEL (2)

Stock Co z, Average Adverse Order Estimated Quoted
transaction selection processing spread spread
size V o o )

SOLVAY 0.0435*** 0.000063*** | 306 0.3067 0.6933 0.1254 0.1355

DELHAIZE GROUP | 0.0194*** 0.000013*** | 626 0.2972 0.7028 0.0553 0.0596

KBC 0.0222*** 0.000016*** 1572 0.2977 0.7023 0.0631 0.0698

ELECTRABEL 0.0998* ** 0.000278*** | 133 0.2712 0.7288 0.2737 0.2726

DEXIA 0.0051*** 0.000002*** | 1591 0.4387 0.5613 0.0181 0.0187

UCB 0.0257*** 0.000000*** | 622 0.0118 0.9882 0.0521 0.0830

FORTIS 0.0056*** 0.000005*** | 1301 0.5374 0.4626 0.0243 0.0236

AGFA-GEVAERT 0.0141*** 0.000009*** | 533 0.2486 0.7514 0.0375 0.0454

IBA 0.0176*** 0.000014*** 332 0.205%9 0.7941 0.0443 0.0714

BARCO (NEW) 0.0890*** 0.000184*** | 173 0.2633 0.7367 0.2417 0.2985

INTERBREW 0.0149*** 0.0600007*** | 1121 0.3582 0.6418 0.0463 0.0499

GBL 0.0412*** 0.000033*** | 521 0.2915 0.7085 0.1164 0.1610

TESSENDERLO 0.0602*** 0.000074*** | 288 0.2614 0.7386 0.1629 0.2020

UMICORE 0.0450*** 0.000068*** | 244 0.2712 0.7288 0.1235 0.1581

DIETEREN 0.2038*** 0.002797*** |47 0.3922 0.6078 0.6707 0.8070

ALMANL] 0.0408*** 0.00003g9*** | 378 0.2667 0.7333 0.1112 0.1333

COLRUYT 0.0792*** 0.000128*** | 188 0.2326 0.7674 0.2064 0.2206

BEKAERT 0.0627*** 0.000111*** | 247 0.3036 0.6964 0.1802 0.2224

OMEGA PHARMA | 0.0451*** | 0.000032*** | 375 0.2101 0.7899 0.1141 0.1337

This table provides for 19 stocks belonging to the Belgian BEL20 index the results from Glosten &
Harris’ (1988) model - version (2). Stocks in italic in the lower panel are those for which there exists

a liquidity provider.

Parameters ¢, and z, are obtained through the estimation of equation:

AP, = ¢, AQ; + Z,Q Ve,

where P, is the transaction price, Q; the trade indicator variable (+1 if a trade is buyer-initiated and
-1 if it is seller-initiated), the transaction size in number of shares and V, 1s an error term.

V is the average transaction size. o and -y are computed as follows:

o = _2AuV) 2(c0) 1.4
2(0{})—1—-2(21 V) 2(60)“%2(211 V’)

and 7y =

The estimated spread S is given by: S = 2(c,)+2(z; ).
Quoted spread is the average quoted spread over the period. The marks ***,** and * represent sig-
nificance at respectively the 1, 5 and 10% level.

In the general version of the model, the parameter ¢, is the only one that 1s significant
for a great majority of stocks. Parameter z, presents significant values for half of the
stocks. Estimates of ¢; and z; are only marginally significant and sometimes - even
often for ¢, — present negative values, meaning that the corresponding cost would
decrease with transaction size. There are two stocks — Electrabel and Fortis — for which
none of the estimated parameters is significant. This general model seems to be too
exhaustive, but highlights the importance of the constant order processing component
in the spread. The constrained version of the model provides estimates of ¢, and z, that
are significantly different from 0 at the 1% level for all stocks, giving support to Glosten
& Harris’ hypothesis of a constant order processing cost and an adverse selection cost
linearly related to transaction size.
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Both versions of Glosten & Harris’ (1988) model provide estimates of o and -y that are
of the same magnitude, with the order processing component being the most important
part of the spread. There are two exceptions. The first one is UCB, which presents an
adverse selection component of 35.58% in model (1) but only 1.18% in model (2). The
difference 1s due to the constant adverse selection component z,, that represents 36% of
the spread in model (1)*, but disappears in model (2). The second exception is Fortis,
with adverse selection components of 29.55% and 53.74% in models (1) and (2) respec-
tively. The origin of the difference lies in the variable order processing cost, that repre-
sents more than 8 tumes the spread in model (1), but disappears in model (2).

The consistency of the model can be appreciated through the estimated spread S, which
1s very close to the average posted spread for each stock, whatever the considered ver-
sion. But even 1f, as noted earlier, the effective spread is higher than the quoted spread,
the estimate given by § is slightly lower than the quoted spread for all stocks but Fortis.

3.5. HuAanG & StoLr’s (1997) 2-wAY DECOMPOSITION MODEL

The basic regression model estimated in Huang & Stoll (1997) is the following:

S S
AP; = EAQ’* + (o + ) 5 @1+ e (18)

where e, 1s the error term. This regression thus provides estimates for the spread S,
considered as being constant, and for (a«+), the sum of the adverse selection and the
inventory holding components. The order processing cost v is equal to 1-a-f3. The
3-way decomposition (or how to distinguish o and [3) is proposed in Section 3.2.

It we consider that the inventory holding cost 3 is equal to 0, we can rewrite Equation
(18) as follows:

S

S
AP, = EAQt -+ Ui"z'“thl + €4 (19)

The order processing cost vy is then equal to 1-a. In their paper, Huang & Stoll prove
that the model described by Equation (19) is equivalent to Glosten & Harris’ (1988)
model where we make the assumption that the spread is constant, i.e., where C=c,and
Z = z,. To show this, let’s define zg = a:% and ¢ = ( 1-——-05)-‘% ; Equation (19) can then

be rewritten as:
AP, = c)AQtzy0, e, (20)

We estimated Equations (19) and (20) separately and indeed found the same results.
Estimates given by Equation (19) are presented in Table 9. All parameter estimates are

* It is even superior to the global adverse selection component of the spread because the variable part z; is negative.
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statistically significant at the 1% level. The adverse selection component lies 1n a rela-
tively small range, between 19.5% and 55.3%. The order processing component is once
again the main part of the bid-ask spread. The spread estimated by the model 1s very
close to the average posted spread. These results are logically very similar to those we
have obtained in previous section for Glosten & Harris’ (1988) model. The presence of
a constant adverse selection component (z,) in Huang & Stoll’s (1997) 2-way decom-
position explains why the estimates for UCB correspond to those given by the version
(1) of Glosten & Harris’ (1988) model. The absence of a variable order processing com-
ponent can explain why the estimates for Fortis are closer to those given by the second

version of Glosten & Harris’ (1988) model.

TABLE 9. ESTIMATES FROM HUANG & StOoLL'S (1997) 2-WAY DECOMPOSITION MODEL

Stock Adverse Order Estimated Quoted

selection « processing -y spread S spread
SOLVAY 0.3106**" 0.6894 0.1249**~ 0.1355
DELHAIZE GROUP | 0.3059*** 0.6941 0.0550**~ 0.0596
KBC 0.3106*** 0.6894 0.0628"** 0.0698
ELECTRABEL 0.2878*** 0.7122 0.2726*** 0.2726
DEXIA 0.4452*** 0.5548 0.0180*** 0.0187
UCB 0.3558%** 0.6442 0.0654™** 0.0830
FORTIS 0.5530**~ 0.4470 0.0242*** 0.0236
AGFA-GEVAERT 0.2531*** 0.7469 0.0374%*~ 0.0454
IBA 0.2567*** 0.7433 0.0450*** 0.0714
BARCO (NEW) 0.2665*** 0.7335 0.2392*** 0.2985
INTERBREW 0.3654%** 0.6346 0.0461*** 0.0499
GBL 0.2899*** 0.7101 0.1166™*~ 0.1610
TESSENDERLO 0.2730*** 0.7270 0.1621*** 0.2020
UMICORE 0.2829**~* 0.7171 0.1234*** 0.1581
DIETEREN 0.3715**~ 0.6285 0.6760™*" 0.8070
ALMANILJ 0.2624* %~ 0.7376 0.1113*** 0.1333
COLRUYT 0.2378*** 0.7622 0.2067%** 0.2206
BEKAERT 0.3020**~ 0.6980 0.1807**~ 0.2224
OMEGA PHARMA | 0.1950*** 0.8050 0.1142*** 0.1337

SR

WTETLETL]

This table provides for 19 stocks belonging to the Belgian BEL20 index the results from Huang &
Stoll's (1997) 2-way decomposition model. Stocks in italic in the lower panel are those for which

there exists a liquidity provider.

Parameters o and S are obtained through the estimation of equation:

APy = %AQ:: -+ Q%Qtwl + €4

where P, is the transaction price, Q, the trade indicator variable (+1 if a trade is buyer-initiated and

-1 if it is seller-initiated) and e, the error term.

~ is calculated as 1-a and Quoted spread is the average quoted spread over the period.
The marks ***, ** and * represent significance at respectively the 1, 5 and 10% level.
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3.6. MADHAVAN ET AL.’S (1997) MODEL

The equation used by Madhavan et al. (1997) to estimate the spread components is the
following:

AP t = d-’AQ:+§(_Qr"pQr~1 )te, (21)

where p 1s the first-order autocorrelation in the trade-initiation variable, and e, is the
error term.

Let us notice the similarity with Equation (20) above. In fact, in Madhavan et al. (1997),
the revision in beliefs, and hence the asymmetric information parameter, 1s not meas-
ured by the observed order flow Q, as it i1s the case in Huang & Stoll (1997), but rather
by the innovation or “surprise” in order flow, i.e., the difference between the observed
and the expected order flow (Q-p0O,.)).

In the original model developed by Madhavan et al. (1997), a parameter \ is estimated
that represents the probability that a trade takes place inside the spread.”? While this
view 1s consistent with quote-driven markets, where market makers can improve their

quotes depending on the investor, so that some transactions occur at a price inside the
quoted spread, it makes no sense in an order-driven market.”? We thus decide to con-
strain the A parameter to be equal to zero in our procedure.”

Equation (21) is estimated using a GMM procedure. The spread is then given by:
S =2 ({+d) (22)

The adverse selection and order processing components expressed as spread propor-
tions are computed as follows:

() @
__
720+ 9) (24)

Finally, the probability of trade reversal m is estimated by }—gﬁ .

The estimation results are provided in Table 10. All estimated parameters are significant
at the 1% level, at the exception of ¢ for D’leteren. The estimated spread is very close

* This parameter does not appear in the basic equation, bit 1s present in the population moments used to estimate the
model with a GMM procedure.

* On the contrary, we already showed that our aggregation procedure led to some transactions outside the spread.
# A similar approach has been followed in Ahn et al. (2002).
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to the spread observed in the data for all stocks. The m estimates are lower than our own
estimates in Table 2, but there is a 0.97 correlation between both measures. These results
seem to suggest that the model well captures the price behavior in our data.

The proportion of adverse selection in the spread lies from 38.4% to 90.7%, which 1s a
relatively wide range. For all stocks in the sample, this component is higher than found
with previous models of Glosten & Harris (1988) and Huang & Stoll (1997) — it 1s
sometimes even the double. For 14 stocks out of 19, the adverse selection component

represents more than half of the spread. These results are consistent with Van Ness et al.
(2001) and Clarke & Shastrt (2000).

3.7. LIN ET AL.S (1995) MODEL

In addition to the classical adverse selection and order processing costs, Lin et al. (1995)
propose to estimate a third component that represents the extent of order persistence.
Defining x, as one-half the signed effective spread (x, = P-M,), the three equations
below are used to estimate the relevant parameters:

AMF s (xxf_ﬂ-e, (25)
X, = 0x, 0, (26)
AP, = -yx, tu, (27)

where e, and v, are the disturbance terms assumed to be uncorrelated, 1, = ¢,+m, and
v = 1-0-0. The parameter 8, which is the one that represents the extent of f)rgler persist-
ence, can be used to measure the probability of trade continuation 0 = 222 orif we

prefer the probability of trade reversal m = 1-6.%

Results of that procedure are given in Table 11.” Most parameter estimates are highly sig-
nificant, the only exception being the a value for Omega Pharma, which 1s not significant
at all. It is easy to check that the sum of the three estimated parameters 1s approximately
equal to 1 for all stocks. The adverse selection component lies within a relatively small
range, between 2.13% and 39.92%. The range is even smaller if we do not take into account
UCB and Omega Pharma that both present particularly low o and 7 values. The order pro-
cessing component is smaller than in previous models, but this is due to the presence of the
0 parameter. Parameter 7 is lower than 0.5 for all stocks, which is consistent with our data
set. However, the correlation coefficient between our own estimates of the probability of
trade reversal given in Table 2 and 7 values provided by Lin et al.’s (1995) procedure is only
0.32 and is not statistically significant. If we do not take into account UCB and Omega

Pharma, for which Lin et al.’s (1995) estimated 1 values are very low, the correlation coef-
ficient still remains relatively low at 0.51 but becomes significant at the 5% level.

3 This 6 parameter is very similar in meaning to the parameter p estimated in Madhavan et al. (1997).

% The empirical procedure actually uses the natural logarithm of the transaction price and the quote midpoint in each of
the equations.
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A COMPARISON OF ALTERNATIVE SPREAD DECOMPOSITION MODELS ON EURONEXT BRUSSELS

TAaBLE 11. ESTIMATES FROM LIN ET AL.'S (1995) MODEL

Stock Adverse Order Order Probability of
selection o persistence 6 processing 'y trade reversal
SOLVAY 0.2609**~ 0.3177*** 0.4098*** 0.3411
DELHAIZE GROUP | 0.2543*** 0.3140*** 0.4323*** 0.3430
KBC 0.2649%** 0.3143%** 0.4182%** 0.3429
ELECTRABEL 0.2610*** 0.2381**” 0.4945*** 0.3810
DEXIA 0.3735*** 0.24677*** (0.3831*** 0.3767
UCB 0.0556™* 0.9885*** 0.1043*** 0.0057
FORTIS 0.3992*** 0.2429%** 0.3390*** 0.3785
AGFA-GEVAERT 0.1996*** 0.45117%*" 0.3502*** 0.2745
IBA 0.2339*** 0.4783*** (0.2899*** 0.2608
BARCO (NEW) 0.1994*** (0.4639%*~ 0.3371*%** 0.2680
INTERBREW 0.2962*** 0.3169*** 0.3883*** 0.3416
GBL 0.2780*** 0.4096*** 0.3118*** 0.2952
TESSENDERLO 0.2379%** 0.4301*** (0.3324%*% 0.2850
UMICORE 0.3056*** (0.3887*** 0.3055%** 0.3057
DIETEREN 0.3217*** 0.4251***F 0.2586%** 0.2874
ALMANIJ 0.2250%** 0.4234*** 0.3382*** 0.2883
COLRUYT 0.2579*** 0.3646**" (0.3788*** 0.3177
BEKAERT 0.2634*** (0.3923*** 0.34127** 0.3038
OMEGA PHARMA | 0.0213 0.8885*** 0.0640*** 0.0558

This table provides for 19 stocks belonging to the Belgian BEL20 index the results from Lin et al.s
(1995) model. Stocks in italic in the lower panel are those for which there exists a liquidity provider.

Parameters o ,0 and +y are obtained respectively through the estimation of equations:

AM; = aXp +e;

Xp = 0K+

APy = -yXpqHuy

where P, is the transaction price, M, the quote midpoint and x, the signed effective spread (x; = P
M. ). e; and v, are imcgorrelated error terms, and u; = €41,

w 1s calculated as 5= .

The marks ***, ** and * represent significance at respectively the 1, 5 and 10% level.

3.8. GLOBAL COMMENTS

[f we want to summarize results from this section, it first seems that “complete”
spread decomposition models, i.e., those that provide an estimate for all three classi-
cal spread components, are not relevant in an order-driven market. Indeed, results
obtained with Stoll (1989) and Huang & Stoll’s (1997) 3-way decomposition are
inconsistent, even for the stocks of our sample for which a liquidity provider 1s com-
mitted to supply liquidity. These results thus give support to empirical papers that
choose not to apply these models in order-driven markets based on the hypothesis of
no inventory holding cost.
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Then we find that the decomposition proposed in George et al. (1991) does not seem to
be effective, as one third of the a estimates it provides are negative. These poor results
may be due to the covariance-based type of the model (similar to Stoll (1989)).

As for the five other 2-component spread decomposition models, they seem to global-
ly produce more consistent results. Parameters are usually highly significant. The
spread components are all positive. The estimated spread provided by both versions of
Glosten & Harris (1988) (respectively GH1 and GH2 in the following), Huang & Stoll’s
(1997) 2-way decomposition (HS2) and by Madhavan et al.’s (1997) model (MRR) are
always very close to the quoted spread found in the data.

In order to analyze the coherence between those five models, we will now focus on the
adverse selection component. This component is particularly interesting because it is the
focus of most empirical studies in the hiterature. In GH1, GH2 and HS2, which can be
considered as three variations around a same model, adverse selection is the smallest
component. This seems true also for Lin et al. (1995) (LSB), while MRR is the only case
where adverse selection represents the major part of the spread. Table 12 provides the

Spearman rank correlation coefficients for the adverse selection components measured
by the five considered models.

TABLE 12. CORRELATION COEFFICIENTS FOR THE ADVERSE SELECTION ESTIMATES

GH1I GHZ HS2 MRR LSB
GH1 1.0000
GHZ 0.6632 1.0000
HS2 0.8860 (0.7912 1.0000
MRR 0.5772 0.5333 0.6737 1.0000
LSB 0.6018 (0.8526 0.6930 0.6035 1.0000

This table presents Spearman rank correlation coefficients for the adverse selection components pro-
vided by the five following models: Glosten & Harris (1988) ~ versions (1) and (2) [respectively GH1
and GH2], Huang & Stoll’s (1997) 2-way decomposition [HS2], Madhavan et al. (1997) [MRR] and
Lin et al. (1995) [LSB].

All coeflicients are positive and significant at the 1% level, except the correlation between
MRR and GH?2 that is significant at the 5% level. Correlations among GH1, GH2 and HS2
were expected to be high, as these are actually three different versions of a same model.
This seems to be the case, even if the correlation between GH1 and GH2 can be considered
as rather low (0.66). This may be driven by the relatively unstable estimates given for UCB
and Fortis.”” While lower 1n absolute value, correlations between MRR, L.SB and the other
models tend to show that there 1s some consistency among the models.

*" Indeed, when we do not take Fortis and UCB into account, the correlation coefficients among GHI, GH2 and HS2
all increase to 0.9 or more.

123



A COMPARISON OF ALTERNATIVE SPREAD DECOMPOSITION MODELS ON EURONEXT BRUSSELS

In summary, the five spread decomposition models used in Table 12 could be consid-
ered as alternative or substitute methods to analyze spread components in an order-driv-
en market. But as GH1 and GH2 sometimes provide different estimates — remember our

results for Fortis and UCB — we would recommend to limit the choice by considering
only HS2, MRR and LSB methods.

4. ADVERSE SELECTION COMPONENTS AND INFORMATION ASYMMETRY

As already mentioned, there are some doubts about whether adverse selection estimates
from spread decomposition models really measure information asymmetry. In the same
spirit as Van Ness et al. (2001) and Clarke & Shastr1 (2000), we will now compare the
results provided by the spread decomposition models to other information asymmetry

metrics. Building on the conclusions drawn from previous section, we will concentrate
on HS2, MRR and LSB models.

Let us look more carefully at Tables 9 to 11. The cross-sectional mean for the «
parameter equals 0.3119, 0.5605 and 0.2479 respectively for HS2, MRR and LSB.
According to HS2 and LSB, information asymmetry does not represent on average the
major part of the bid-ask spread for BEL20 index stocks, while the opposite result
holds for MRR. HS2 and L.SB both classify Fortis and Dexia as having the largest
adverse selection spread component. MRR provides the same conclusion if we do not
take into account D’leteren for which one parameter 1s not significant at all. All three

models attribute the smallest « parameter to Omega Pharma, but LSB estimate is not
significant.

While those results are consistent with each other, the fact that the two most lhiquid
stocks on Euronext Brussels are associated with the highest level of information asym-
metry is puzzling, as these stocks are generally more carefully followed by financial
analysts, thereby reducing the risk of private information. It is usually considered that
small and illiquid stocks are more subject to mformation asymmetry risk (see for

instance Easley et al. (1996)), so we would have expected to obtain highest o values for
stocks such as IBA, D’leteren or Tessenderlo.”

This observation further encourages us to assess the validity of adverse selection com-
ponents. However, contrary to Van Ness et al. (2001) and Clarke & Shastr1 (2000), we
will stay in the field of market microstructure, which also allows us to exploit informa-
tion available from the rebuilt order book.

g b s b

* On the other hand, we cannot forget that the 19 stocks from our sample are part of Belgian main stock index, so even
the most illiquid ones must be under the attention of financial analysts,
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4.1. OUR INFORMATION ASYMMETRY PROXIES

Ideally, our information asymmetry proxies should be based on some theoretical
results found 1n the literature. However, this is not an easy task. Indeed, many theo-
retical frameworks dealing with limit order book, such as Foucault (1999) or Parlour
(1998), do not consider asymmetric information. As explained in Bloomfield et al.
(2004), “adding in asymmetric information generally renders the problem unsolv-
able””” To mcorporate adverse selection, papers must introduce some restrictive
assumptions about the behavior of informed traders. The most popular one, that we
can found for instance in Glosten (1994), is that informed traders are impatient and
use only market orders. But the experimental setting in Bloomfield et al. (2004) tells
a completely different story, as informed traders introduce more limit orders than
market orders compared to the uninformed investors.

Given these difficulties, our information asymmetry proxies will be based on empir-
ical and experimental results provided for limit order books, as well as on other

measures which were developed in quote-driven markets. We consider the following
proxies:

* Relative hidden depth As explained 1n our description of Euronext microstructure
(see Section 2.2), investors can use hidden orders, 1.e., orders with some part of the
quantity not being displayed to other market participants. Intuitively, we may think
that hidden orders are used by informed traders who want to trade upon their infor-
mation without paying the costs of demanding liquidity. An alternative hypothesis
1s that hidden orders are used by uninformed traders in order to mitigate adverse
selection costs. Working on Nasdaq stocks, Tuttle (2003) shows that there 1s a pos-
itive relationship between hidden order use and the probability of an information-
al event proxied by market-model residual. She also shows that hidden depth, espe-
cially when it results from investment banks and wirehouses, is predictive of future
market price movements, which could support the first hypothesis. Results
obtained by Pardo & Pascual (2003) on the Spanish Stock Exchange are in favor of
the second explanation, as they conclude that traders submit iceberg orders to man-
age the information asymmetry risk. Choosing between both explanations is diffi-
cult, but whatever the reason, hidden order use is in both cases positively linked to
information asymmetry.

Denoting Total depth, the total number of shares (displayed and undisclosed) available at the

five best limits of the order book at time ¢, and Hidden depth, the undisclosed number of
shares available at these five best limits, we define relative hidden depth at time ¢ as follows:

* Section 2 of Bloomfield et al. (2004) provides an interesting summary of theoretical models dedicated to limit
order markets.
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Hidden depth,
Total depth,

Relative hidden depth, - (28)
Our first information asymmetry proxy is then a time-weighted average of Relative hid-
den depth, over the sample period.

o Trade Imbalance One of the most popular measures of information asymmetry 1s
the probability of informed trading (PIN) developed in the context of a quote-driv-
en market by Easley et al. (1996). One particular thing that contributes to a higher
PIN is the imbalance between buy and sell trades. We therefore use this imbalance
as a second proxy. Defining Buy as the number of buyer-initiated trades during the
sample period and Sell as the number of seller-initiated trades, we derive our sec-
ond proxy as follows:

| Buy - Sell |
Buy + Sell

o Limit order proportion The most striking result from Bloomfield et al.’s (2004)
experiment is that informed traders use a lot more limit orders than do uninformed
traders. If we denote 4/l orders the total number of orders introduced during the sam-
ple period, and Limit orders the number of limit orders introduced during this same
period, then our third proxy is:

Trade imbalance - (29)

Limit orders

Limit order proportion -
All orders

(30)

» Depth imbalance Given the result found in Bloomfield et al. (2004) that informed
traders act as liquidity providers, the expected imbalance due to private imformation
would translate into the depth available in the order book. Denoting Depth at bid,
(respectively Depth at ask, ) the total number of shares, both displayed and hidden,
available at the five best bid (respectively ask) limits of the order book at time ¢, we
define total depth imbalance at time

Depth imbalance, = ———————-——=

31
Depth at bid, + Depth at ask, GH

Our fourth proxy 1s thus the time-weighted average of Depth imbalance,

» Volatility It is often argued that volatility is the consequence of trades generated
by informed traders and 1s thus positively correlated with information asymmetry.”
To compute volatility, we decided to divide each trading day in seventeen 30-
minute intervals and to keep only the last transaction in each of these intervals.”

kbl e il FEETRgrry

¥ See for instance French & Roll (1986).
* The last day interval lasts only 25 minutes.
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If for some stocks and some days, there is no transaction in a given interval, we
replicate the transaction price of the last available interval. We then calculate the
return between two consecutive intervals. This provides us with 16 returns for each

trading day. Volatility 1s measured as the standard deviation of these returns over
the period under study.

All our information asymmetry proxies are constructed in such a way that we expect
a positive relationship between them and the adverse selection spread components.

4.2. DATA AND RESULTS

We propose to analyze the relationship between the adverse selection components
and our information asymmetry proxies through correlation coefficients. We
acknowledge that using 19 observations might not be sufficient to draw solid con-
clusions. In order to increase the sample size, we will use subsamples of one week
for each stock.” As we only want “complete” weeks, 1.e., weeks that contain
five trading days, we need to drop some trading days from the data set we used until
here. We finally keep 11 complete weeks, corresponding to 55 trading days and
296 952 transactions.

We first compute o estimates for each stock and for each week using HS2, MRR
and LSB. Summarized results are given in Table 13, where we present for each stock
the minimum, maximum and mean values based on the 11 estimates.

Results for HS2 and L.SB confirm those presented in Section 3. The mean values
are very close to the estimates obtained in Tables 9 and 11, at the exception of LSB
estimates for UCB and Omega Pharma — but remember that o values in Table 11
were particularly low for both stocks. Fortis and Dexia once again have largest
adverse selection components with both models, whereas Omega Pharma has the
smallest o value with LSB, and the second smallest value with HS2. It also seems
that adverse selection components for less liquid stocks tend to lie in a wider range

than for other stocks. It is worth noticing that almost all estimates are significant at
the 1% level.™

* Ideally, we would like to work with daily estimates, but the small number of trades for some stocks and some days
prevents us from doing so.

¥ Comprehensive results are available from the authors upon request. Note that as HS2 procedure cannot provide
estimates for IBA for 2 out of the 11 weeks, we only have 9 values for that stock.

*This formation 1s not present in Table 13,
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Results for MRR procedure are more contrasted. Firstly, there is a non negligible number
of cases where the ¢ parameter used to compute the a component is not significant.”
Secondly, we have some inconsistent o values, either negative or higher than 1, and not
only for small stocks. Finally, the mean values are generally farther from the estimates
given in Table 10. Globally, results from Table 13 suggest that our weekly HS2 and LSB
estimates can be considered as consistent, while we have more concern with MRR week-
ly results.

We now turn to correlations of these estimates with our information asymmetry prox-
ies. The coefficients provided in Table 14 are obtained using 207 observations, corre-
sponding to 18 stocks with 11 observations and one stock — UCB — with 9 observations.
All coefficients which are higher than 0.15 in absolute value are significantly difterent
from zero at the 1% or 5% level, the other ones are not significant. Correlations among
our HS2, MRR and LSB « estimates are of the same magnitude as in Table 12. Our
information asymmetry proxies are on general not correlated to each other, except the
positive link between Relative hidden depth and Depth imbalance, and a negative one
between Relative hidden depth and lolatility.

The other results are not very enthusiastic. Only two out of the five proxies present the
expected positive relationship with spread adverse selection components: Limit order
proportion and Volatility. The magnitude of the coefficients is however rather low, the
higher being equal to 0.47.%°

% There are 11 stocks for which 4 or more of the 11 weekly ¢ estimates are not significant.

% If we consider only the best limit, and not the five best limits, to compute Relative hidden depth and Depth imbal-
ance, results are qualitatively the same. This is also the case if we replace Trade imbalance by an Order imbalance.
Results are available from the authors upon request.
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As explained above, there is no well accepted information asymmetry proxy in
order-driven markets. If we accept the premise that the spread decomposition mod-
els are valid, then we can look critically at our “bad” proxies. Trade imbalance was
chosen because it is at the heart of the PIN measure developed in Easley et al.
(1996). This measure was developed in the context of a quote-driven market and
may not be appropriate. The results for Depth imbalance, while counter-intuitive at
first sight, may be explained by the results in Bloomfield et al. (2004). This exper-
iment highlights that informed traders are the best liquidity providers in an order-
driven market, which is supported by the positive relationship between our Limit
order proportion proxy and the adverse selection components. But this is especial-
ly true at the end of the experimental market, when the true value of the stock 1s
bracketed by the best bid and offer in the order book. Thus, if the market is etficient,
meaning if the midquote is a good estimate of the fundamental value, then the
informed traders will be present both at the bid and at the ask. In this case, a lower
imbalance in depth can be associated to a higher degree of information asymmetry,
which is what we find in Table 14. The negative relationship between Relative hid-
den depth and the adverse selection spread components 1s difficult to justify.
Indeed, this would suggest that if all depth available in the book was displayed,
information asymmetry would be at its highest degree.

We cannot forget of course that the correlation coefficients are relatively low in
absolute value, and that they measure only linear relations, while the real relations
may be more complex. We also recognize that our study can be thought of as a joint
test of the spread component models and the information asymmetry proxies we
have chosen. We can only conclude that some variables move in the same direction,
while other do not. But determining which of these variables proxy information
asymmetry is a difficult task, mainly because it is the very nature of private infor-
mation that it 1s invisible to other market participants.
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TABLE 14. CORRELATION BETWEEN ADVERSE SELECTION COMPONENTS
AND INFORMATION ASYMMETRY PROXIES

HS2 MRR LSB Relative | Trade Limit Depth Volatility
hidden imbal- order imbal-
depth ance propor- | ance
) | IR S - tion e _

HS2 1.0000

MRR 0.7059 1.0000

LSB 0.8075 |0.5911 1.0000

Relative hidden depth | -0.2867 |-0.2290 | -0.3052 | 1.0000

Trade imbalance -(0.3336 | -0.0470 | -0.3564 | -0.0190 | 1.0000

Limit order proportion | 0.3750 | 0.4654 | 0.3193 | -0.0972 |-0.1028 | 1.0000

Depth imbalance -0.1722 |-0.0533 |-0.1822 | 0.5500 |0.0714 | -0.0570 | 1.0000

Volatility 0.2934 0.2869 0.2613 -0.3585 | 0.1276 -0.0145 | -0.0481 | 1.0000

This table presents Spearman rank correlation coefficients between o estimates provided by Huang

& Stoll's (1997) 2-way decomposition [HS2], Madhavan et al. (1997) [MRR] and Lin et al. (1995)
[LSB], and five other information asymmetry proxies.

Relative hidden depth is the time-weighted average of

Hidden depth,

Relative hidden depth, .
Total depth,

where Total depth, is the total number of shares (displayed and undisclosed) available at the five
best imits of the order book at time ¢ and Hidden depth, is the undisclosed number of shares avail-

able at these five best limits.
| Buy - Sell |

Buy + Sell

where Buy (Sell) is the number of buyer- (seller-) imtiated trades during the sample period.
Limit orders

All orders

Trade imbalance is defined as:

Limit order proportion is measured as:

where All orders is the total number of orders introduced during the sample period, and Limit orders
is the number of limit orders introduced during this same period.

Depth imbalance is the time-weighted average of Depth imbalance, computed as follows:

| Depth at bid, - Depth at ask,|
Depth at bid, + Depth at ask,

Depth imbalance, =

where Depth at bid, (respectively Depth at ask, ) is the total number of shares, both displayed and
hidden, available at the five best bid (respectively ask) limits of the order book at time t.

Volatility is measured by the standard deviation of 30-minute returns (computed using trade prices).
Correlation coefficients are computed using for each stock 11 observations corresponding to 11

“complete” weeks during the months of October, November and December 2002.
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CONCLUSION

In this paper, we used several spread decomposition models to provide estimates of the
spread components — inventory holding, adverse selection and order processing — for 19
stocks belonging to the Belgian BEL20 index traded on Euronext Brussels. As these
models were originally developed in the context of quote-driven markets, we checked
whether they provide consistent results when applied to order-driven markets.

We find that models which estimate an inventory holding component (Stoll (1989) and
Huang & Stoll’s (1997) 3-way decomposition) do not produce consistent estimates. This
result can be viewed as a support for the often used hypothesis relative to the absence
of real inventory management in order-driven markets: as limit order traders — who pro-
vide liquidity to the market — are not obliged to trade, they do not bear the risk of mov-
ing away from an “optimal” inventory level. This seems to be the case also for smaller
stocks which are characterized by a so-called liquidity provider in charge of improving
the supply of liquidity.

We also found that the covariance-based model developed by George et al. (1991) does
not provide consistent estimates of the adverse selection costs.

We showed that the other models focusing exclusively on adverse selectton and order
processing components, namely the 2 implemented versions of Glosten & Harris
(1988), Huang & Stoll’s (1997) 2-way decomposition, Madhavan et al. (1997) and
Lin et al. (1995) globally provide consistent results, with relatively highly correlat-
ed adverse selection components. If researchers have to choose among them 1in the
context of an order-driven market, we suggest that they apply the Huang & Stoll’s
(1997) 2-way decomposition or Lin et al.’s (1995) procedure.

In order to check how well adverse selection components provided by Huang & Stoll
(1997), Madhavan et al. (1997) and Lin et al. (1995) measure adverse selection, we
compared them with five information asymmetry proxies: relative hidden depth, trade
imbalance, proportion of limit orders, total imbalance in the order book, and volatility.
While the adverse selection components are as expected positively correlated with
volatility and the proportion of limit orders in the order flow, the correlation coetfficients
with our three other proxies do not present the hypothesized positive sign. Even if we
admit that our information asymmetry proxies can be cast in doubt, we think that
whether classical spread decomposition models really measure information asymmetry
remains an open question. Finding specific information asymmetry measures in the
context of an order-driven market is a challenging research question left for the future.

The main limit of this paper lies in the relatively small number of stocks we used to
produce our various estimates. As a consequence, it may be possible that some of our

results primarily reflect liquidity effects — opposition between liquid and less hiquid
stocks. On the other hand, this is also the originality of the paper that drove this small
sample size, as we have dealt with a small and relatively illiquid market, Euronext

Brussels, for which methods using intraday data have rarely been applied.
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