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31000 Toulouse, France; c Bordeaux School of economics, Bordeaux University, 33608 Pessac, France 
*Corresponding author 
Contact: daures@essec.edu, https://orcid.org/0000-0002-7323-4807 (LD); sophie.moinas@tse-fr.eu, https://orcid.org/0000-0002-6187-3396
(SM); selma.boussetta@u-bordeaux.fr, https://orcid.org/0000-0003-4303-5660 (SB) 

Received: January 2, 2024 
Revised: March 4, 2025 
Accepted: April 20, 2025 
Published Online in Articles in Advance: 
August 5, 2025 

https://doi.org/10.1287/mnsc.2023.03998 

Copyright: © 2025 The Author(s)

Abstract. We examine traders’ order submission strategies during the Euronext preopen, 
which uses price-time priorities to arrange opening trades via a call auction. Preopening 
order submissions follow a J-shape pattern. Sophisticated proprietary traders arrive late, 
consistent with information leakage concerns. Slow clients arrive early and place aggres
sive orders to advertise their trading needs and strategically gain time priority. Their early 
order submissions often occur in stocks with an increase in the tick size and on days with 
expected liquidity shocks. They also contribute to daily price discovery. Using a preopen
ing outage as a natural experiment, we show that the Euronext preopen improves price 
discovery on a rival venue. These benefits hold even in the absence of an opening auction 
taking place.
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1. Introduction
Several exchanges open with a call auction preceded by 
a preopening period. The preopen is characterized by 
the accumulation of orders and the absence of trade 
execution. Its aim is to reduce price uncertainty and 
absorb price pressure accumulated during the market 
closing hours. Throughout the preopen of Euronext 
Paris (previously the Paris Bourse), traders can place 
tentative orders at no cost and observe the resulting 
indicative clearing price and trade volume even though 
no actual trades are executed. At the end of this period, 
no new orders are accepted, the limit order book is fro
zen momentarily, and the opening call auction takes 
place. In a seminal paper, Biais et al. (1999) show that 
traders participate actively in the last minutes of this 
preopening tâtonnement process, making price discov
ery easier and opening prices efficient. A few years after 
their study, the Paris Bourse changed its call auction 
matching procedure, moving from a prorata to a time 
priority allocation rule, which has prevailed since then. 
Our paper examines traders’ incentives to participate in 

the Euronext preopen, which ultimately determines 
their strategies and the characteristics of the preopening 
price discovery process.

The time of arrival as a secondary precedence rule—to 
allocate shares at the clearing opening price when supply 
is not equal to demand—is used by most developed mar
kets, such as the NASDAQ or CBOE Equities in the 
United States, the Australian Securities Exchange in Aus
tralia, or any large European exchanges (such as Deut
sche Börse, the London Stock Exchange, or Nasdaq 
OMX).1 On the one hand, time priority rewards the earli
est orders by giving them a higher priority. On the other 
hand, submitting early orders during a nontrading phase 
implies a risk of information leakage, which is particu
larly relevant in the context of Euronext’s transparent 
preopening mechanism. The extent to which this feature 
affects incentives for traders to participate in the preopen 
and how they contribute to price discovery is an impor
tant empirical question.

To better understand the performance of the preopen 
and the role of time priority during a call auction, our 
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empirical strategy consists of contrasting different 
groups of traders and testing specific hypotheses about 
their trading behavior. The background null hypothesis 
posits that members place orders nonstrategically or 
randomly, and hence, we should not expect any cluster
ing of orders. In contrast, our two alternative hypothe
ses, not mutually exclusive, suggest various possible 
strategic trading behaviors. First, the sunshine trading 
hypothesis posits that traders who might incur signifi
cant penalties for nonexecution submit orders as soon 
as the preopen starts (i.e., the early phase). Their aim is 
to announce their trading needs and maximize the 
probability of orders being filled. Second, under the 
information leakage concerns hypothesis, we posit that 
informed traders send orders in the last minutes, right 
before the opening call auction, to strategically conceal 
their orders and minimize the cost of information reve
lation. Because the strategic arrival of informed traders 
should influence the dynamics of price discovery, we 
investigate the impact of early versus late submission 
strategies on the informational content of prices. Addi
tionally, we also explore events that alter the composi
tion of traders (e.g., changes in information flow, shifts 
in liquidity, or external disruptions) and, thus, the qual
ity of price discovery.

Our data source is the EUROFIDAI-BEDOFIH data
base, from which we obtain detailed information on 
messages and member characteristics related to French 
SBF120 index constituents from May 2, 2012, to Decem
ber 31, 2013.2 Besides snapshots of the limit order book 
observed every 15 minutes during the preopen, the 
data offers two crucial features. First, it contains all 
messages submitted during the preopen, that is, new 
orders, modifications, and cancellations. Second, 
although the data does not contain individual identi
fiers of members, it includes two flags that together 
allow the identification of member-types. The first flag, 
provided by the French Market Authorities (AMF), dis
tinguishes members according to their trading speed 
(fast, slow, or mixed traders using both strategies). The 
second flag indicates the account type, including broker 
orders executed for clients, proprietary trading orders, 
and orders sent by designated liquidity suppliers. Com
bining these two flags enables us to obtain 12 member- 
types.

These member-types are allocated to one of three cat
egories on the basis of the following criteria: whether 
members trade on a proprietary or agency basis, the 
degree of sophistication proxied by daily trading profit 
and trading speed, and the degree of position building 
shown by the end-of-day inventory. The resulting three 
categories are sophisticated proprietary traders (SP), 
who are skillful and fast, typically ending the day with 
a low inventory position; slow clients (SC), consisting 
of unprofitable, less sophisticated, and more impatient 
members sending orders on behalf of clients; and other 

agency (OA) traders comprising slow or fast members 
that cannot be allocated to either of the first two 
categories.

We find that preopening order placement activity fol
lows a J-shape pattern with a first peak in the first min
utes and the highest peak in the last minutes. Many of 
these orders are aggressive and executed at the open. 
This pattern of message clustering suggests that mem
bers behave strategically during the preopen. More
over, we observe that slow clients are the sole group 
placing many orders during the first minutes of the pre
open. This behavior is particularly strong for stocks 
that experience an increase in the tick size and on days 
with expected liquidity shocks, that is, when gaining 
time priority has more value and in line with the sun
shine trading hypothesis. We also find that sophisti
cated proprietary traders arrive later and place more 
late orders on days of earnings announcements, consis
tent with traders strategically controlling information 
leakage.

We then relate measures of price informativeness to 
the aggregate behavior of member categories. First, 
using unbiasedness regressions, we find that, although 
the last preopening prices contribute most to price dis
covery, very early tentative prices are also statistically 
informative, unlike Biais et al. (1999). Second, to ana
lyze which member category contributes to price for
mation, we regress the close-to-close return on order 
imbalances generated by each category.3 Early order 
imbalances from the slow clients category contribute 
significantly and positively to price discovery in the 
first minutes of the preopen. This implies that these 
early orders, submitted to advertise trading needs, con
tain information. Consistent with information leakage 
concerns, we find that late order imbalances from the 
sophisticated proprietary traders category are strongly 
associated with the price discovery. This pattern also 
holds for late orders of slow clients. These results sug
gest that the slow clients category, for which we cannot 
be more granular because of data limitations, is hetero
geneous, encompassing orders from retail clients and 
also from institutional clients.4

As robustness tests, we use two quasi-experiments 
involving delayed openings on Euronext. We examine 
shifts in the behavior of market participants during 
these episodes and assess how these shifts affect price 
discovery on Euronext and Chi-X, a competing trading 
venue. The first episode involves an outage that dis
rupted the usual Euronext preopen. On June 6, 2013, a 
glitch in the Euronext computer systems delayed the 
preopen, preventing order submission at the usual 
time. The session resumed at 9:21 a.m. with the opening 
call occurring at 10:00 a.m. Meanwhile, Chi-X, a com
petitor venue, was open. We find that all member cate
gories adjusted their behavior. Sophisticated traders 
migrated to Chi-X, whereas slow clients and other 
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agency traders stayed on Euronext, likely bound by the 
best execution duty of the primary best bid and offer. 
On that day, slow clients and other agency traders 
made a larger contribution to price discovery. We also 
find that stocks trading on Chi-X before the Euronext 
open showed impaired price efficiency, highlighting 
the value of the preopen. The second experiment 
involves stock days in which the preopen took place 
but the open was delayed because of an insufficient vol
ume of orders. These cases occur in thinly traded 
stocks. We show that the order activity is significantly 
reduced, but there is no significant inefficiency on Chi- 
X, confirming the importance of Euronext preopening 
sessions.

Finally, we investigate the possibility of interactions 
between categories, such as concealing strategies. 
Informed traders or investors with large orders might 
be willing to hide orders among less sophisticated slow 
clients. Although we find evidence of order clustering, 
we do not detect indications of order concealing. 
Instead, we obtain results consistent with some sophis
ticated traders following late contrarian strategies for 
absorbing early order imbalances from slow clients.

Our research adds to the literature examining 
strategic behaviors during pretrading periods. Biais 
et al. (1999) for the Paris Bourse, Davies (2003) for 
the Toronto Stock Exchange, or Comerton-Forde 
and Rydge (2006) for the Australian Stock Exchange 
focus on the late phase of the preopen and show 
that the speed of learning and price discovery accel
erate when the opening of the market is imminent. 
Bellia et al. (2024) study the preopening behavior of 
high-frequency traders (HFTs) on the Tokyo Stock 
Exchange. These papers, as ours, address limit order 
book markets.5 Our paper examines the entire pre
opening period and the trading behaviors of 
differently informed trader categories strategically 
choosing the timing of order submissions. One of the 
new findings of our paper is that some impatient tra
ders submit early orders to advertise their needs for 
trading and gain time priority, and their aggregate 
order flow contributes to price discovery. Using the 
same data set as ours, Anagnostidis et al. (2020) 
examine the price impact of HFTs in the last 30 min
utes of the preopen, whereas Bellia et al. (2020) focus 
on the HFT-related behavior and outcomes such as 
speed, profits, or liquidity provision. In contrast, we 
use a more comprehensive classification that includes 
several types of traders, including HFTs, and com
pare their aggregate strategic behaviors during the 
entire preopening period. Moreover, we use a preo
pening outage as a natural experiment to provide evi
dence of the value of a transparent preopen for all 
venues, even without an opening call auction.

The paper is organized as follows. Section 2 describes 
the trading environment and presents our testable 

hypotheses. Section 3 describes the data, the sample 
selection, our classification of market participants, and 
provides summary statistics. In Section 4, we analyze 
the dynamics of preopening messages, test our hypoth
eses on member preopening strategies, and relate price 
discovery to the behavior of member categories. Section 
5 is dedicated to robustness tests. Section 6 concludes.

2. The Trading Environment and 
Hypothesis Development

2.1. Overview of European Markets
Euronext Paris is one of the founding primary markets 
of Euronext, the largest stock exchange in Europe. The 
French exchange operates continuously as a pure anon
ymous electronic limit order book market from 9:00 
a.m. to 5:30 p.m. Central European Time (CET) for secu
rities that are liquid enough. In Europe, the Market in 
Financial Instruments Directive (MiFID I) regulation, 
implemented in 2007, enabled the entry of new trading 
platforms challenging the market share of major incum
bent stock exchanges. Chi-X, a UK company established 
in 2007 by Instinet, is Euronext’s main competitor dur
ing our study period. Chi-X is a lit venue operating con
tinuously on the same schedule as Euronext [from 9:00 
a.m. until 5:30 p.m.]. Even if it operates a continuous 
limit order book, Euronext and Chi-X differ in some 
characteristics. First, during the period of our study, 
Euronext is the only venue starting with a preopening 
period and a call auction to open the market of continu
ously traded French stocks (see Section 2.2 for more 
details). Chi-X has no special opening facility. Second, 
Chi-X offers lower fees and ultralow latency, targeting 
particularly fast traders. Third, Chi-X allows submis
sion of orders pegged to the primary best bid and offer 
(here, Euronext) to guarantee attractive prices to all 
investors.6 Unlike the U.S. markets, neither a consoli
dated tape of prices nor a no-trade-through rule exists 
in Europe. Prices formed on a primary market such as 
Euronext Paris are essential to price discovery and pro
vide a benchmark for trade execution.7

2.2. Preopening Period and Opening Call Auction 
on Euronext

The Euronext preopening session operates from 7:15 
a.m. to 9:00 a.m. Market participants can submit mar
ket, limit, stop, hidden, or market-on-opening orders 
during this time. Orders are automatically recorded in 
the limit order book without triggering any trade. An 
indicative opening price and the components of the 
potentially executable volume at that price, triggered 
each time a new order arrives, are continuously dissem
inated. In addition, the limit order book is fully trans
parent from the start of the preopening period at 
7:15 a.m.
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At 9:00 a.m., the opening price is set by crossing the 
cumulative supply and demand functions based on the 
orders in the book to maximize the largest possible exe
cutable volume of trades. Additionally, if necessary, the 
reference price (most often the previous day’s closing 
price) is considered when establishing the auction 
price. Market orders, buy orders with a price limit 
above the opening price, and sell orders with a limit 
below the opening price are filled. In case of an imbal
ance between supply and demand, time priority plays a 
tie-breaking role, and orders at the clearing price are 
filled on a first-come, first-served basis.8 Any unexe
cuted orders are carried through to the continuous limit 
order book.

2.3. Why Submit Orders During the 
Preopening Session?

The preopening period is a very specific session. No 
trades can occur, and orders are not binding because 
they can be canceled at no cost and at any time during 
this session. Nevertheless, even without trading, price 
discovery can occur through quote changes, that is, 
through the submission of serious limit orders by 
market participants (see, for instance, Biais et al. 1999, 
Brogaard et al. 2019, Gregoire and Martineau 2022). 
Moreover, most corporate news events, such as earn
ings announcements, are released during off-hours. 
What are the possible theoretical motivations that drive 
order submission during the preopening session?

Under the null hypothesis, market participants 
behave nonstrategically and submit orders randomly 
during the preopen. Testing for order clustering pro
vides a straightforward way to rule out this possibility 
because evidence of order concentration suggests that 
some traders intentionally attempt to time their preo
pening orders. We propose two alternative hypotheses 
to explain strategic behavior during the preopening 
phase. It is important to note that the following hypoth
eses are not mutually exclusive and do not encompass 
all possible scenarios.

One possibility is that traders participate in the preo
pening phase with the strategic intent to execute their 
orders, particularly to capture the benefits of the open
ing call auction in terms of limiting price impact (e.g., 
Stoll 1985). These traders face a trade-off. On the one 
hand, they might be willing to submit very early orders 
to gain or retain time priority and, in turn, have more 
chances to be executed (whether at the opening call auc
tion or thanks to a better position in the queue of orders 
at a given price). Queue position matters and leads to 
earlier execution and higher fill rates. On the other 
hand, submitting an order during the nontrading phase 
reveals private information (whether fundamental or 
nonfundamental) and exposes traders to the cost of 
information leakage. These costs and benefits vary for 
different categories of traders, resulting in a separation 

of trader categories based on the timing of their preo
pening order submissions: either very early or very 
late.

Traders who incur significant penalties for nonexecu
tion and have a low cost of information leakage should 
opt for submitting orders very early to gain time prior
ity. Liquidity traders, along with those known as 
“impatient” traders (Foucault et al. 2005), could be 
placed within this category. For traders valuing time 
priority, we should, therefore, observe a concentration 
of orders during the first minutes of the preopening ses
sion. Time priority is meaningful, particularly when 
capturing price priority is expensive (Harris 1996). 
Hence, we also expect a more significant number of 
early preopening orders on days with expected liquid
ity shocks or in stocks with an increase in tick sizes. 
Submitting orders early can also be interpreted as a 
mechanism to announce trading needs to other market 
participants, similar to sunshine trades. Admati and 
Pfleiderer (1991) find that the announcement of liquid
ity orders reduces the trading costs of those who prean
nounce and increases the informativeness of the price. 
De Frutos and Manzano (2014) show that all unin
formed traders opt for sunshine trading in sufficiently 
large markets.

Conversely, informed traders (with permanent price 
impact) or investors with large orders (with temporary 
price impact) should be reluctant to submit orders 
early. These traders bear high costs of information 
leakage and should, therefore, submit orders very late, 
close to the opening call, to reduce the competitors’ 
ability to learn information (Medrano and Vives 2001). 
In particular, on earnings announcement dates, we 
should observe more preopening orders submitted 
by informed traders toward the end of the preopening. 
This strategy entails a higher execution risk because 
they lose time priority at the auction or during the day.

The two following hypotheses formalize our 
argument.

Hypothesis 1. Early orders and sunshine trading: some 
traders incurring large penalties for nonexecution submit 
early preopening orders (without canceling them) to gain 
time priority and advertise their trading needs.

Hypothesis 2. Late orders and informed trading: some 
informed traders (including fundamental information and 
order flow information) submit late preopening orders to 
trade on their private information at the open.

Note that traders might also engage in so-called 
order spoofing or order-based manipulation. Manipu
lators place nonserious orders that may seem to convey 
information but are made to deliberately mislead small 
traders. Manipulators subsequently cancel these orders 
close to the opening time such that small traders cannot 
update their orders (Camerer 1998, Medrano and Vives 
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2001, Kuk et al. 2015). A consequence of this behavior is 
that manipulative orders are not informative, and preo
pening prices remain noisy. Whereas we cannot rule out 
the presence of such behaviors during our period, we 
choose to focus on the impact of serious order placement 
strategies on price discovery. Note also that any shock 
altering the composition of traders (e.g., informational 
shocks, liquidity shocks, or preopening outages) should 
have an impact on the dynamics of the preopening price 
discovery. Finally, informed traders could adopt hiding 
strategies by pooling orders with the orders sent by 
other market participants, leading to potential interac
tions between informed and impatient traders.

3. Data and Summary Statistics
3.1. Data Sources and Sample of Stocks
Data Sources. Our analysis is based on an intraday 
data set provided by EUROFIDAI-BEDOFIH. We have 
access to messages, trades, and quotes from both Euro
next Paris and Chi-X Europe. Quote data consists of 
15-minute snapshots of limit order books between 7:15 
a.m. and 5:30 p.m. Trades and messages are time 
stamped down to the microsecond. Messages consist of 
all new orders, modifications, and cancellations during 
the preauctions and continuous trading phases.

Sample Selection. Our sample consists of 97 French 
stocks of the SBF120 index simultaneously and continu
ously traded on Euronext Paris and Chi-X from May 2, 
2012, to December 31, 2013. Of those stocks, 32 belong 
to the CAC40, one of Euronext’s leading national indi
ces, which had a market capitalization to French gross 
domestic product ratio of 58.7% in April 2012. The 
remaining 65 stocks represent mid or small caps.9 We 
identify one day during which Euronext faced an out
age at the beginning of the preopening session, namely, 
June 6, 2013. We exclude this day from the main analy
sis but further exploit it as a robustness case in Section 
5.1. Our final panel consists of 421 trading days and 
40,138 stock day observations.

Table 1, panel A, reports sample statistics. The aver
age share price is e48.56, and the average market capi
talization amounts to e9.03 billion with a high 
dispersion (e14.7 billion), which is representative of the 
large cross-section of French firms in the sample. The 
average daily return amounts to 0.11%. At the time, tick 
sizes vary with share price on Euronext. We use the 
closing price CLOSEPs, t to assess the tick size of each 
stock s on each day t. The average tick size for our sam
ple is e0.009.10 There are 174 increases and 151 reduc
tions in the tick size during our period.

Earnings’ Announcements and Expected Liquidity 
Shocks. We collect the dates and times of earnings 
announcements from London Stock Exchange Group 

Eikon and keep only after-hours earnings announce
ments [between 5.30 p.m. and 9:00 a.m.].11 Those days 
are likely to be characterized by abnormal informed 
trading around the open. We define a dummy variable 

Table 1. Summary Statistics on the Stock Day Panel

Variable Mean Standard deviation N

Panel A: Trading characteristics of the sample stocks
MARKET_CAP (mio e) 9,029 14,668 40,138
rCC 0.11% 1.70% 40,138
HILO 0.0233 0.0323 40,138
Price (e) 48.56 47.51 40,138
TICK_SIZE (e) 0.009 0.012 40,138

Panel B: Stock day events

# Earnings announcements (D_Inf ) 351
# Days with liquidity shocks (D_Liq) 4,690
• # dividend payments days 169
• # witching days 1,836
• # end of quarter days 385

# Increases in tick size 174
# Decreases in tick size 150

Panel C: Daily trading activity by trading venue

Euronext
# TRADESd 3,233 3,680 40,138
tot_volumed (mio e) 24.38 40.37 40,138
tr_size (e) 5,316 3,096 40,138
QUOTED_SPREAD (bps) 12.1 8.9 40,138

Chi-X
MARKET_SHARE 22% 8% 40,138
QUOTED_SPREAD (bps) 22.3 39.3 40,137

Notes. This table reports summary statistics for the sample of stocks 
used in this study. The sample consists of 97 French stocks (included in 
the SBF120 index) from May 2, 2012, to December 31, 2013 (421 trading 
days). Euronext and Chi-X intradaily data are obtained from 
EUROFIDAI-BEDOFIH. Panel A reports stocks’ characteristics: the 
market capitalization, MARKET_CAP, is defined as the number of 
outstanding shares times the daily closing price on Euronext (in 
million e); the (cum dividend) close-to-close return, denoted rCC, is 
computed from Euronext closing price; the HILO variable is the daily 
price range defined as HILOt � ((ln(Hight))� ln(Lowt))

2
=4ln(2)) × 100, 

where Hight (Lowt) is the highest (lowest) transaction price on day t; 
the variable Price is the daily average transaction price; and the 
TICK_SIZE is the minimum price variation between two consecutive 
prices. Panel B refers to stock day events and reports the number of 
stock day observations for which there is an earnings announcement 
(for which the dummy variable D_Inf takes the value of one) or for 
which there is an expected liquidity shock event (for which the 
dummy variable D_Liq takes the value of one). An expected liquidity 
shock event is defined as a dividend payment day, a witching day and 
its following trading day, or the first and last day of the quarter. Panel 
B also reports the number of increases and decreases in tick size. Panel 
C reports (cross-sectional) daily activity statistics for Euronext: the 
number of trades per day (# TRADESd); the daily trading volume 
tot_volumed is calculated as the total value of shares traded for the day 
(in million e); the trade size, tr_size, is the value of shares for each 
transaction (in e); and the variable QUOTED_SPREAD is the relative 
bid–ask spread defined as the difference between the best ask quote and 
the best bid quote and divided by the midquote (expressed in bps). We 
also report statistics based on the Chi-X intraday data set: the 
MARKET_SHARE defined as the daily trading volume executed on 
Chi-X relative to the total daily volume executed on both Euronext and 
Chi-X and QUOTED_SPREAD, the relative bid–ask spread on Chi-X 
(expressed in bps).
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denoted D_Inf that takes the value of one on these days 
and zero otherwise.

We also consider the days on which predictable 
liquidity shocks may occur. We focus on three types of 
events. Witching days are days on which index deriva
tives expire (taking place on the third Friday of the 
month), increasing the trading volume in the underly
ing securities (Stoll and Whaley 1990, Barclay et al. 
2008). There are 19 witching days in our sample. In 
Europe, the settlement price for CAC40 derivatives is 
not the opening price, as in the U.S. markets, but the 
arithmetic mean of all index values calculated and dis
seminated between 3:40 p.m. and 4:00 p.m. CET. Conse
quently, the abnormal trading volume generated by the 
arbitrageurs’ cash market trades to close their positions 
is likely to occur more at the opening of the next trading 
day than at the opening of the expiration day. For com
pleteness, we consider both the day of the index expira
tion and the next trading day. Finally, we consider 
dividend payment days and quarter’s ends, typically 
characterized by abnormal trading volume because of 
portfolio, arbitrage, or inventory position rebalancing 
(He et al. 2004). We include 169 dividend payment days 
collected from COMPUSTAT and 10 days correspond
ing to each quarter’s last and first trading day. We 
define a dummy variable denoted D_Liq that takes the 
value of one for any of these days with expected liquid
ity shocks. Table 1, panel B, summarizes the number of 
observations for each type of shock.

Summary Statistics. Table 1, panel C, reports descrip
tive statistics about market activity and liquidity. Euro
next’s average trade size is e5,316, and the daily trading 
activity amounts to e24.4 million per stock. To measure 
market liquidity, we use the best bid and ask quotes 
observed every 15 minutes and calculate the average 
daily quoted bid–ask spread standardized by the mid
point. On Euronext, the average bid–ask spread is 12.1 
basis points (bps), lower than Chi-X’s 22.3 bps. Accord
ingly, the market share of Chi-X (viz., Euronext) in 
terms of trading volume is smaller with 22%. Despite 
market fragmentation, Euronext remains the dominant 
venue in terms of liquidity and trading activity for 
French stocks, especially for smaller and less liq
uid stocks.

3.2. Euronext Member Categories
Our 2012–2013 Euronext data do not contain any indi
vidual identifier (ID) of the member placing an order. A 
crucial feature of the data is that all trades or messages 
include a speed flag and an account flag. The speed flag 
identifies whether the message was entered by a mem
ber trading at high or slow frequency. This flag is pro
vided by the AMF, the market regulator. It can take one 
of the three following values: HFTs (for pure high- 
frequency traders such as Virtu Financial or Optiver), 

NHFTs (non-HFT or slow traders, such as European 
private banks or regional banks), or MX (for financial 
entities mixing fast and slow trading, such as large 
investment banks, such as Goldman Sachs or Merrill 
Lynch).12 The account flag indicates whether the mes
sage was posted by a member trading on the member’s 
own account or on behalf of a client. This flag can take 
five different values. Three of them are standard and 
mostly used by members: proprietary trading (PROP), 
liquidity provision or corporate brokerage (LP), and 
agency trading on behalf of a client (CLIENT). Two 
values are specific to Euronext and less frequent: order 
placed by an affiliate for its own account or on behalf of 
clients (related party or RP) and order placed by a retail 
investor to be executed by a retail market organization 
(RT).13

Combining the speed and account flags allows us to 
identify member-types. Precisely, the product of the 
three values for the speed and the five values for the 
account variables enables us to identify 15 different 
member-types, among which three member-types are 
discarded because no data are observed, leading us to 
12 original member-types. We then classify messages 
and trades according to the member-type.

3.2.1. Classification of Member Types. To test our 
hypotheses, we examine the aggregate behavior of 
three different categories of member-types: sophisti
cated prop traders (SP), slow clients (SC), and other 
agency traders (OA). We follow a data-driven approach 
based on the profitability of the trading activity and 
inventory patterns for each member-type.

First, we build a measure of daily trading profit 
aggregated at the member-type level consisting of the 
cumulative cash received from sales minus the cash 
paid for buying shares plus the value of any outstand
ing end-of-day positions valued at the closing price 
(CLOSEP). This variable is standardized by the raw 
daily trading volume and expressed in bps:

PROFITc
s, t �

PNc
s, t

k�1
(�qk)pk + (

PNc
s, t

k�1
qk) × CLOSEPs, t

PNc
s, t

k�1
|qk |pk

× 10,000, (1) 

where Nc
s, t is the total number of transactions executed 

for each member-type c on day t in stock s and qk is the 
signed number of shares traded at price pk in transac
tion k on day t (qk > 0 if member-type c buys and qk < 0 
if c sells). Note that, with this convention, the cash 
received from short selling writes �qkpk > 0, whereas 
the cash paid for buying shares is �qkpk < 0. The vari
able PROFIT is a proxy for the degree of sophistication 
of a member-type: PROFIT is positive when members 
are able to buy low and sell high or when they trade in 
the direction of future (daily) price changes.
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Second, we define the daily aggregate relative inven
tory for each member-type c as the absolute value of 
their end-of-day position (the sum of the signed num
ber of shares) relative to their daily trading volume (the 
total number of shares traded):

| INVENTORY | cs, t �

|
PNc

s, t

k�1
qk |

PNc
s, t

k�1
|qk |

: (2) 

This variable captures whether members follow strate
gies to maintain low inventory relative to the volume of 
the day (such as market-making strategies) or, on the 
opposite, whether members build or unwind large 
positions or whether the inventory is not a crucial 
parameter of their trading strategy.

A member-type is classified as SP traders if (i) 
they trade on their own account as proprietary traders 
(PROP) or as liquidity providers (LP) and (ii) their 
average daily trading profits are strictly positive 
(PROFIT > 0). The requirements of proprietary trading 
and positive profits aim at identifying a category with 
skills and the ability to implement complex trading strate
gies (e.g., via algorithms, improved monitoring, or speed 
of execution), which consists of a (potentially short-term) 
informational advantage. Table 2, panel A, details the dif
ferent trading activity measures for each of the five 
member-types constituting this category (rows (1)–(5)).

A member-type is categorized as SC if (i) members 
trade on behalf of a client (CLIENT or RT), (ii) they 
implement low-frequency trading strategies (NHFT), 
and (iii) they earn negative daily profits (PROFIT < 0). 
This category is more likely to capture less sophisti
cated and less informed traders (rows (6) and (7)).

A member-type is classified as an OA trader when it 
cannot be classified as SP or SC. In this category, mem
bers could trade strategically for information or liquid
ity reasons. MX members acting on behalf of clients or 
using a related party account (rows (8) and (9)) most 
probably consist of asset managers or proprietary trad
ing subsidiaries of large investment banks. They seem 
more sophisticated than the SC group because they can 
use speed, which gives a trading advantage, and earn 
positive daily trading profits on average (PROFIT > 0). 
Positive profits may be driven by the acquisition of fun
damental information or by the ability to time and 
reduce the price impact of trades (discretionary tra
ders). The NHFT-liquidity providers type (row (10)) 
likely includes corporate brokers, typically bound by 
liquidity contracts with issuers, performing activities 
such as repurchases or liquidity supply on their behalf. 
The other two member-types (rows (11) and (12)) trade 
infrequently, earn negative profits, and implement 
mostly unidirectional trades (large end-of-the-day 
inventory position). The motive of their trade is unclear: 

they may have large liquidity needs or follow long- 
term investment strategies.

To summarize results reported in Table 2, panel A, SP 
traders trade intensively and make positive profits. This 
category also holds, on aggregate, a low end-of-the-day 
inventory, corroborating its main characteristics (propri
etary or/and fast traders tend to tightly manage inven
tory risk). The SC group aggregates slow members, 
acting on behalf of clients, trading moderately, and mak
ing negative daily trading profits. The last OA category 
can be slow or fast, trades on behalf of clients or for own 
account, and holds a large end-of-day position.14

Unlike existing studies, we employ a broad classifica
tion for members and do not exclusively focus on 
HFTs. During the preopening phase, skills such as 
extracting important information from overnight news 
might outweigh speed advantages. Nevertheless, 
alongside the PROFIT variable, the speed factor acts as 
a proxy for traders’ level of trading expertise.

3.2.2. Order Submission Activity by Member Category 
During the Trading Session. To investigate how the 
preopening behavior of members influences daily price 
discovery, we build conventional measures of message 
traffic, capturing some features of order submis
sion strategies.

The variable ORD represents the number of new or 
resubmitted orders. The variable CANC denotes the 
number of updates triggered by the modification of an 
existing order or its cancellation. We then define the 
monitoring intensity, MONITORING, by the ratio of 
the number of cancellations to the total number of mes
sages, CANC=(ORD+CANC).

To analyze the aggressiveness of orders, we create an 
aggressive dummy variable that takes the value of one if 
orders are flagged as market or market-to-limit or 
market-on-opening orders.15 The dummy takes the value 
of zero for all the remaining types of orders. The order 
aggressiveness ratio, PCT_AGGR, is the number of 
aggressive orders over the number of orders. We build 
the ratio of hidden orders PCT_HID as the number of 
orders with a hidden quantity divided by the number of 
orders. Finally, we define the variable PCT_EXEC as the 
ratio of the number of orders (at least partially) executed 
during the day to the total number of orders based on the 
matching between orders and trades.

Descriptive Statistics of the Order Submission Strate
gies. To benchmark our classification of members, we 
report average measures of message traffic for the con
tinuous phase in Table 2, panel B. All measures are con
sistent with our classification: SP traders place a 
substantial volume of nonaggressive orders (15 to 60 
times more than other categories), monitor more 
orders, and execute a very small fraction of them (5%). 
In contrast, slow clients submit more aggressive orders 
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and update them less, and about 40% of them are at 
least partially executed. We interpret this as further evi
dence that SC traders are less sophisticated and 
more impatient.

The Broad Picture. During our period, the average 
proportion of daily volume executed at the opening call 
is 1.5%, in line with the findings of Pagano and 
Schwartz (2003) based on 1998 data.16

Table 2. Characteristics of Member Categories During Preopening and Trading Hours

Panel A: Trading characteristics for each member category

Category Account Speed Number of stocks Number of days PROFIT (bps) | INVENTORY | (%) VOLUMEd (e1,000)

Sophisticated proprietary trader (SP)
(1) PROP HFT 97 416 2.11 22 1,237
(2) PROP MX 97 416 1.12 16 18,753
(3) PROP NHFT 97 416 0.57 38 3,455
(4) LP HFT 47 416 0.40 4 17,142
(5) LP MX 51 416 0.17 22 7,036
All 1.12 11 35,169

Slow clients (SC)
(6) CLIENT NHFT 97 416 �2.79 29 5,982
(7) RT NHFT 54 231 �2.57 83 75
All �2.80 29 5,994

Other agency trader (OA)
(8) CLIENT MX 97 416 0.38 39 5,060
(9) RP MX 97 416 0.80 39 2,514
(10) LP NHFT 34 415 �3.01 61 176
(11) CLIENT HFT 62 387 �1.49 81 230
(12) RP NHFT 92 282 �0.39 88 306
All 0.20 29 7,597

Panel B: Order submission characteristics by member category during trading hours

Variable
Sophisticated proprietary traders Slow clients Other agency traders

(SP) (SC) (OA)

ORD 71,426 1,105 4,886
CANC 68,694 649 4,483
MONITORING (%) 48 35 47
PCT_AGGR (%) 0 9 0
PCT_HID (%) 1 13 21
PCT_EXEC (%) 5 39 9

Panel C: Order submission characteristics by member category during preopening hours

Variable

SP SC OA

Early Late All Early Late All Early Late All

ORD 0.2 265 276 52 23 94 0 48 52
CANC 0 43 44 4 6 13 0 28 29
MONITORING (%) 3.2 9.8 9.9 6.5 13.2 10 9.6 24.3 24
PCT_AGGR (%) 13.9 5.2 5.5 20.5 24.2 21.4 46.8 6.1 7.6
PCT_HID (%) 0.9 1.1 1.3 0 12.8 5.8 1.3 50.5 47.9
PCT_EXEC (%) 24.8 8.5 8.4 47.5 41.8 44.4 42.7 14.8 15.1

Notes. Panel A reports summary statistics on trading characteristics for each category of members: sophisticated proprietary (SP) traders, slow 
clients (SC), and other agency (OA) traders. The speed flag is defined by the French Market Authority (AMF) and can take three values: high- 
frequency-traders (HFT), mixed members (MX) (trading at high or low frequency), and slow members (NHFT). The account flag is provided by 
Euronext and can take five values: proprietary trading (PROP), liquidity provision or corporate brokerage (LP), agency (CLIENT), retail market 
organization (RT), and related parties (RP). The variable Number of stocks is the maximum number of stocks traded; the variable Number of days 
corresponds to the maximum number of trading days. PROFIT is the daily profit marked-to-market at the closing price and standardized by the 
euro trading volume (expressed in bps), |INVENTORY| is the absolute value of the end-of-day position standardized by the total number of 
shares traded during the day, VOLUMEd is the daily trading volume on Euronext (conditional on a trade) expressed in 1,000 euros. Panel B 
reports descriptive statistics on message traffic by member category (SP, SC, and OA) during the continuous trading phase. Panel C reports 
descriptive statistics on message traffic by member category (SP, SC, and OA) during the preopening phase. Preopening statistics are computed 
over three periods: the early phase [7:15 a.m.–7:45 a.m.], the late phase [8.30 a.m.–9.00 a.m.], or the full preopen [7:15 a.m.–9.00 a.m.]. ORD is the 
number of new or resubmitted orders (following a modification). CANC is the number of modifications or cancellations. MONITORING is the 
ratio of updates to the number of messages: CANC=(ORD+CANC). PCT_AGGR is the proportion of aggressive orders, that is, orders flagged as 
market, market-to-limit, or market-on-opening orders. PCT_HID is the proportion of orders with a hidden volume. PCT_EXEC is the proportion 
of orders at least partially executed. Statistics in panels B and C are computed per stock and day.
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Regarding members’ activity, Online Table A.6, 
panel B, shows that the SP traders category has the larg
est market share with 65% of the total average daily vol
ume, followed by the SC category (20%) and the OA 
category (15%).17 As in any modern equity market, a 
large chunk of the daily trading volume is driven by 
fast traders in the SP category. Slow clients trade rela
tively more at the open with a market share jumping 
from 21% during the continuous trading hours to 38% 
at the opening call. In contrast, panel C of Online Table 
A.6 shows that OA traders cluster 25% of their daily 
trading volume at the close, consistent with asset man
agers rebalancing portfolio.

4. Traders’ Participation to the Preopen 
and Price Discovery

4.1. Dynamics of Preopening Activity
Using the sequence of 15-minute snapshots of the limit 
order book provided by Eurofidai, we divide the preo
pening period into seven 15-minute intervals ranging 
from 7:15 a.m. to 9:00 a.m. To enhance readability, we 
further categorize the 15-minute intervals into three 
distinct phases: the early phase, prior to 7:45 a.m.; the 
late phase, after 8:30 a.m.; and the middle phase, con
sisting of the three intermediate intervals between 7:45 
a.m. and 8:30 a.m.

Figure 1 shows the average number of orders submit
ted by the three member categories for each 15-minute 
interval of the preopen. The dynamics of order submis
sion exhibit two clusters in the first and last half hours. 
Many orders are submitted in the early phase, more 
than 75 minutes before the call auction. Order submis
sion then accelerates in the last 30 minutes of the preo
pen to reach the highest activity peak close to the 
opening call. This J-shape pattern shows that order sub
mission is not random, ruling out our null hypothesis.

Figure 1 also depicts, for each 15-minute interval, the 
classification of orders according to different events. 
More precisely, we track the life of orders by matching 
orders and trades based on order sequence numbers 
and collect the time stamp of any order updates or 
partial executions. We identify five different events: 
whether the order has (i) been filled at least partially 
during the opening call, (ii) been filled after the opening 
call, (iii) expired without triggering any trade, (iv) been 
updated (modified or canceled) after the opening call, 
or (v) been updated (modified or canceled) before the 
opening call. The composition of each bar displayed in 
Figure 1 represents the proportion of these five events 
for all orders submitted during the interval.

The Overall Preopening Dynamics. Overall, we find 
that 11% (respectively, 45%) of the orders submitted in 
the early phase [7:15–7:45] are filled at the open (at the 
open or later) versus 3% (7%) of the orders submitted in 

the late phase [8:30–9:00]. The substantial execution 
rate, particularly for orders placed during the first half 
hour, suggests that some participants are willing to 
submit serious preopening orders, that is, with the 
intention to execute them. In contrast, there are more 
modifications/cancellations of orders during the last 
half hour, which may suggest some learning and/or 
attempts to manipulate prices or beliefs.

The Order Dynamics for Each Category of Members. 
Turning to the members, Figure 1 shows that the most 
active members are SC and SP traders. SC enter during 
the early phase and are less active in the late phase. 
Many of their orders are executed at the open or during 
the day. In contrast, SP traders enter in the late period. 
Their submission strategy is intense with more than 100 
orders per 15-minute interval/stock/day, but only a 
minority of these orders is executed. OA traders partici
pate only in the last 15-minute interval, and they mostly 
update orders. Table 2, panel C, reports statistics for the 
measures of message traffic (defined in Section 3.2.2), 
corroborating the behaviors illustrated in Figure 1. SP 
traders submit late nonaggressive orders, and less than 
10% of them are executed. In comparison, slow clients 
submit early aggressive orders, and nearly half of their 
orders result in execution. OA traders tend to submit late 
nonaggressive orders and utilize more hidden orders, 
likely with the intention of concealing large orders.

4.2. Determinants of Preopening 
Order Submission

The previous section shows that at least some preopening 
orders are purposefully and strategically submitted with 
the intention to be filled. Moreover, orders submitted 
early or late have different characteristics, suggesting that 
their submission may be driven by distinct motives.

In this section, we test our Hypotheses 1 and 2 by 
running the following regression:

ORDc
[l], s, t� a1D_SC + b1D_SP + a2D_SC × D_Liqs, t

+ b2D_SP × D_Inf s, t + a3D_SC
× TICK_INCREASEs, t + dXs, t + εc, s, t,

(3) 
where the dependent variable ORDc

[l] is the (log) num
ber of orders submitted by member category c in inter
val [l], which designates the early [7:15–7:45] or the late 
phase [8:30–9:00] of the preopening period. The main 
independent variables of interest are D_SC and D_SP, 
two dummy variables that take the value of one if the 
member category c is SC or SP, respectively. OA traders 
play the role of the reference category. Our hypotheses 
are tested as follows: 
• Hypothesis 1 predicts that we should observe more 

early orders when the value of gaining time priority is 
high. To test it, we use the dummy variable for liquidity 
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shock days (D_Liq) defined in Section 3.1 and create an 
additional dummy variable TICK_INCREASEs, t taking 
the value of one when there is an increase in the tick size 
of stock s on day t. We then interact these two variables 

with the slow clients dummy D_SC. For the early phase 
[7:15–7:45], Hypothesis 1 implies that a1, a2, and a3 
should be positive: Slow clients, more impatient, should 
be more willing to post orders early, particularly on days 

Figure 1. (Color online) Preopening Messages for Each 15-Minute Interval by Member Category 

Graph (a) : Sophis.cated Proprietary (SP) traders

Graph (b) : Slow Clients (SC)

Graph (c) : Other Agency (OA) traders

Notes. This figure shows preopening messages for each 15-minute interval between 7:15 a.m. and 9:00 a.m. (per stock and day). Graph (a) shows 
the total number of orders for sophisticated prop (SP), graph (b) focuses on slow clients (SC), and graph (c) focuses on other agency traders (OA). 
The bars are broken down into five order events, namely, (i) filled at least partially at the open, (ii) filled after the open, (iii) expired, (iv) updated 
(i.e., modified or canceled) after the open, or (v) updated before the open.
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with a liquidity shock when the cost of nonexecuting is 
higher. Moreover, a larger tick size increases the value of 
gaining time priority, leading to more early orders in 
such stocks.
• Hypothesis 2 predicts that we should observe more 

late orders when the cost of information leakage is large. 
To test it, we interact the SP traders dummy D_SP with 
the informational shock days dummy D_Inf defined in 
Section 3.1. For the late phase [8:30–9:00], the cost of 
information leakage should be smaller, and Hypothesis 2
implies that b1 and b2 should be positive. Traders should 
be less reluctant to potentially leak private information 
late in the preopening period, especially on days with an 
informational shock.18

The set of control variables, denoted X, includes the 
(log) volatility and the Euronext daily number of trades 
of the previous day, and the total preopening order 
activity. For completeness, the set of controls also 
includes the two dummies D_Liq and D_Inf and their 
converse set of interactions with D_SP and D_SC and a 
dummy variable TICK_DECREASEs, t taking the value of 
one if there is a reduction in the tick size of stock s on day 
t and its interactions with D_SP and D_SC, respectively. 
We estimate the panel regression with stock fixed effects. 
All variables’ definitions are presented in Online Table 
A.4. Table 3 presents the results for the early phase (col
umns (1)–(3)) and for the late phase (columns (4)–(6)).

We find that slow clients submit more preopening 
orders in the early phase (a1 > 0), and their early order 
submission increases on days characterized by 
expected liquidity shocks (a2 > 0). Moreover, slow cli
ents also place more early orders in stocks experiencing 
an increase in the tick size (a3 > 0 in column (3)). All 
these patterns are consistent with Hypothesis 1. Note 
also that slow clients place fewer orders in the late 
phase and particularly on days with liquidity shocks or 
in stocks with an increase in tick size (columns (4)–(6)) 
in accordance with the value of time priority.

Regarding the second hypothesis, the results show 
that SP traders submit a higher number of preopening 
orders but only in the late phase (and less in the early 
phase), b1 > 0. This result is reinforced on days charac
terized by informational shocks (b2 > 0) as shown in 
columns (5) and (6). These results support Hypothesis 
2. Overall, the findings support the notion that at least 
part of the (early) preopening orders are submitted 
strategically.19

4.3. Price Discovery and Strategic 
Order Submission

4.3.1. Price Discovery Metrics. To investigate the con
tribution of the preopen to daily price discovery, we 
use measures of price discovery based on returns. The 
index m designates the trading venue, where m � E for 
Euronext and m � C for Chi-X. We omit the stock sub
script (s) for brevity when unambiguous.

During the preopening period, Euronext continuously 
displays its limit order book and updates the indicative 
opening price. We use the same information set as Euro
next members to determine the indicative opening price 
that would clear the market given the orders displayed in 
the limit order book at any given point in time. Using the 
EUROFIDAI-BEDOFIH 15-minute snapshots, we rebuild 
the cumulated demand and supply functions at time τ, 
where τ corresponds to 7:30, 7:45, 8:00, 8:15, 8:30, or 8:45 
a.m. When they cross, we identify the indicative opening 
price IPτ that maximizes the volume traded (in number 
of shares). We then compute the close-to-time τ return 
as zfollows:

rC, IPτ
t �

IPτt +DIVt�CLOSEPt�1

CLOSEPt�1
, (4) 

where CLOSEPt�1 is the closing price on the previous 
day (determined by the Euronext’s closing call auction), 
DIVt is the dividend paid on day t.

Further, we use the opening price observed in venue 
m, OPENPm

t (determined by the opening call on Euro
next and by the first trade on Chi-X) to define the close- 
to-open return of venue m as

rCOm

t �
OPENPm

t +DIVt�CLOSEPt�1

CLOSEPt�1
: (5) 

Finally, we use the closing price CLOSEPt as proxy 
for the fundamental value and compute the close-to- 
close return as follows:

rCC
t �

CLOSEPt +DIVt�CLOSEPt�1

CLOSEPt�1
: (6) 

4.3.2. Price Discovery During the Preopen. Building 
on the approach of Biais et al. (1999) and Barclay and 
Hendershott (2003), we use the estimates of the βτ coef
ficients of the following unbiasedness regression panel 
for each interval τ:

rCC
s, t � αs + β

τ
1rC, IPτ

s, t + β
τ
2rC, IPτ

s, t ×D_Inf s, t + β
τ
3rC, IPτ

s, t

×D_Liqs, t + γ
τ
1D_Inf s, t + γ

τ
2D_Liqs, t + εs, t, (7) 

where the dependent variable is rCC, the close-to-close 
return, and the main independent variable is rC, IPτ , the 
return from the previous close to the indicative opening 
price observed at time τ for τ � 7:30, 7:45, 8:00, 8:15, 
8:30, and 8:45 a.m. or the 9:00 a.m. opening call price. 
We also include the two dummy variables for liquidity 
versus informational shock days, D_Inf and D_Liq, and 
their interactions with rC, IPτ to explore how the contri
bution of preopening prices to price discovery varies on 
those specific days. All regressions include stock and 
month-year fixed effects.

As explained in Barclay and Hendershott (2003) or 
Biais et al. (1999), if returns are serially uncorrelated 
and measured without error, the slope coefficient in the 
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unbiasedness regression (7), βτ1, equals one. If, however, 
one cannot observe the true return process but the true 
return plus noise, the estimated coefficient represents 
the signal-to-noise ratio. Consequently, the coefficient 
βτ1 measures the informational content of the preopen
ing and opening prices.

Results are reported in Table 4. Overall, price discov
ery starts very early [at time τ �7:30 a.m.]: coefficients 
βτ1 are all significantly positive. In the early phase, coef
ficients are low and are increasing over time as are the 
R2 of the regressions. In addition, we find that preopen
ing indicative prices are significantly more informative 
(at the 10% level) on corporate event days and the 
opposite for liquidity shock days.

4.3.3. Who Participates in the Price Discovery During 
the Preopen? This section investigates the impact of 
members’ preopening order submissions on price dis
covery. We introduce a measure of order imbalance 
OIc
[l] specific to member category c within a given 

preopening time interval denoted by [l]; here, l refers to 
the early, middle, and late phases of the preopen. Order 
imbalances are defined as the difference between the 
volume of buy orders minus sell orders in number of 
shares, net of canceled orders within the interval [l]. 
To remove differences in absolute order imbalance 
sizes, we standardize imbalances by their standard 
deviation (within category-interval-stock): OIc

[l], s, t �

OIc
[l], s, t=σ(OIc

[l], s).
20 We then explore how members’ 

preopening order imbalances influence the returns. 
Precisely, we run the following regression:

rs, t � a0 +
X

c
a1, cOIc

[7:15�7:45]s, t
+
X

c
a2, cOIc

[7:45�8:30]s, t

+
X

c
a3, cOIc

[8:30�9:00]s, t
+ a4Ws, t + εs, t, (8) 

where the dependent variable rs, t is the close-to-close 
return or the close-to-open return. The independent 
variables are standardized order imbalances OIc

[l] for 
each category of members (c �SP, SC, OA) in each 

Table 3. Early vs. Late Preopening Order Activity: Effects of Tick Size, Members’ Participation, and Stressing Shocks

Variable

ORD_[7:15–7:45] ORD_[8:30–9:00]

(1) (2) (3) (4) (5) (6)

D_SC 3.096*** 3.068*** 3.067*** �1.205*** �1.191*** �1.191***
(48.08) (47.75) (47.69) (�46.61) (�45.90) (�45.72)

D_SP �0.584*** �0.576*** �0.576*** 0.192*** 0.187*** 0.187***
(�7.89) (�7.82) (�7.81) (6.51) (6.38) (6.36)

D_SC × D_Liq 0.259*** 0.259*** �0.155*** �0.155***
(4.67) (4.67) (�3.19) (�3.19)

D_SP × D_Inf �0.029 �0.029 0.041*** 0.041***
(�1.17) (�1.16) (4.54) (4.57)

D_SC × TICK_INCREASE 0.278** �0.094*
(2.55) (�1.78)

D_SP × D_Liq 0.005 0.005 0.001 0.001
(0.21) (0.21) (0.10) (0.10)

D_SC × D_Inf �0.053 �0.053 0.442*** 0.442***
(�0.72) (�0.72) (12.21) (12.19)

D_SC × TICK_DECREASE 0.140 0.004
(1.20) (0.08)

D_SP × TICK_INCREASE �0.007 0.026
(�0.09) (0.91)

D_SP × TICK_DECREASE �0.066 0.027
(�0.86) (1.10)

Controls Yes Yes Yes Yes Yes Yes
Stock fixed effects Yes Yes Yes Yes Yes Yes
N 120,129 120,129 120,129 120,129 120,129 120,129
Adjusted R2 0.8942 0.8949 0.8949 0.9433 0.9440 0.9440

Notes. This table reports coefficients (t-statistics) from regressions of the number of preopening orders on dummies for member categories, their 
interactions with dummies for liquidity and informational shocks, and for an increase in the tick size. In columns (1)–(3), the dependent variable 
ORD_[7:15–7:45] is the (log) number of preopening orders submitted before 7:45 a.m. (the early phase). In columns (4)–(6), the dependent 
variable ORD_[8:30–9:00] is the (log) number of preopening orders submitted after 8:30 a.m. (the late phase). The right-hand side variables 
include two dummy variables D_SC and D_SP that take the value one if the member is of category SC and SP, respectively; their interaction 
with D_Liq, a dummy that takes the value one when there is an expected liquidity shock, with a dummy D_Inf that takes the value one when 
there is an overnight earnings announcement, and with a dummy variable TICK_INCREASE that takes the value one if there is an increase in the 
tick size. All specifications include the following control variables: D_Liq and D_Inf ; a dummy variable controlling for a decrease in the tick size 
(TICK_DECREASE) and its interactions with D_SC and D_SP; the total (log) number of preopening orders (ORD_[7:15–9:00]) that controls for 
the preopening activity, the lagged (log) high-low volatility (HILO�1) and the lagged (log) total daily number of trades in euros (# TRADES_d)�1) 
controlling for the trading activity of the previous trading day. The regression includes stock fixed effect, and standard errors are clustered by 
stock ×member category and date.

***, **, and * denote significance levels of 1%, 5%, and 10%, respectively.
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interval [l] of the preopening session. Our main vari
ables of interest are order imbalances from SC and SP 
traders in the early versus late interval of the preopen. 
The set of control variables, W, is partially used in the 

regression described in Equation (3) (two dummy vari
ables for expected liquidity shock days and informa
tional shock days, a lagged (log) volatility variable, and 
a lagged (log) number of daily trades variable).

Table 4. Contribution of Preopening Time Periods to Daily Price Discovery During Normal and Stressed Days

Close-to-close return rCC

(1) (2) (3) (4) (5) (6) (7)

rC, IP_730 0.072***
(3.61)

rC, IP_730 × D_Inf 0.497*
(1.85)

rC, IP_730 × D_Liq �0.071***
(�3.60)

rC, IP_745 0.075***
(4.35)

rC, IP_745 × D_Inf 0.354**
(2.35)

rC, IP_745 × D_Liq 0.038
(1.00)

rC, IP_800 0.068***
(5.91)

rC, IP_800 × D_Inf 0.532***
(3.79)

rC, IP_800 × D_Liq �0.051**
(�2.57)

rC, IP_815 0.067***
(4.43)

rC, IP_815 × D_Inf 0.502***
(3.41)

rC, IP_815 × D_Liq 0.017
(0.48)

rC, IP_830 0.113***
(6.64)

rC, IP_830 × D_Inf 0.423***
(2.88)

rC, IP_830 × D_Liq 0.007
(0.22)

rC, IP_845 0.127***
(3.43)

rC, IP_845 × D_Inf 0.741***
(5.00)

rC, IP_845 × D_Liq 0.071
(1.23)

rCOE 0.936***
(17.62)

rCOE
× D_Inf 0.156

(1.65)
rCOE
× D_Liq 0.056

(0.31)
D_Inf 0.006** 0.005** 0.006*** 0.005** 0.005** 0.004** 0.002

(2.43) (2.40) (2.86) (2.52) (2.44) (2.25) (1.36)
D_Liq �0.0001 0.0002 0.0001 0.0003 0.0004 0.0006 0.0001

(�0.05) (0.12) (0.06) (0.19) (0.23) (0.38) (0.09)
Stock fixed effects Yes Yes Yes Yes Yes Yes Yes
Year-month fixed effects Yes Yes Yes Yes Yes Yes Yes
N 26,973 34,482 35,273 36,118 36,691 37,627 40,138
Adjusted R2 0.0082 0.0105 0.0115 0.0139 0.0181 0.0286 0.1866

Notes. This table reports estimates of unbiasedness regressions. The close-to-close return, rCC, is regressed on the return from the previous close 
to the indicative preopening price at τ, rC, IP_τ. We estimate this regression separately for each τ ∈ {7:30, 7:45, 8:00, 8:15, 8:30, 8:45}. We use the 
close-to-open return, rCOE when τ � 9:00 a.m. We also include the dummies D_Inf and D_Liq (described in Table 1) and their interactions with 
the variable rC, IP_τ as variables of interest. All regressions use stock and month-year fixed effects. Standard errors are clustered by stock and date. 
t statistics appear in parentheses.

***, **, and * denote significance levels of 1%, 5%, and 10%, respectively.
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Table 5 reports the results using five specifications. 
Columns (1)–(3) use the Euronext close-to-close return 
as the dependent variable; column (4) uses the Euronext 
close-to-open return, and column (5) the Chi-X close-to- 
open return. Column (2) focuses on days with liquidity 
shocks, whereas column (3) focuses on days with infor
mational shocks.

First, column (1) shows that only early order imbal
ances from SC traders are significantly and positively 
correlated with close-to-close returns. A one-standard- 
deviation increase in slow clients’ early order imbal
ances has an impact of 6.14 bps on the close-to-close 
return. Late order imbalances from SC or SP traders 
have a more significant price impact: a one-standard- 
deviation increase in SC (SP) order imbalances is 
related to a variation of 18.34 bps (11.19 bps) of the 
close-to-close return. Note that price contribution from 
SP traders occurs only in the late phase across specifica
tions (1), (2), or (3), which is consistent with traders 
being aware of the cost of the information leakage.

Second, we find that late imbalances are positively 
related to close-to-open prices on Euronext and Chi-X. 

Despite Chi-X lacking a preopening or opening mecha
nism, column (5) shows that Euronext preopening imbal
ances significantly influence Chi-X’s close-to-open return 
with similar magnitudes to Euronext (column (4)). This 
demonstrates the contribution of Euronext’s preopening 
sessions to price formation on other venues.
Discussion. The fact that that SC preopening order 
imbalances reveal information on the direction of 
future price changes, even though SC traders are pre
sumably less informed and less sophisticated, might be 
explained by the diversity among members. Using 
older Euronext data with member IDs, Online Section 
A.1 shows that slow clients regroup diverse members 
such as retail brokers, institutional brokers, private 
banks, asset managers, or investment and securities 
banking divisions. Only retail brokers are both unin
formed and unable to extract positive trading revenues. 
Even if their orders represent a sizable portion of the 
total preopening order flows, the activity from other 
subcategories of slow clients is equally important, 
which explains the contribution to price discovery of 
this category.21 Additionally, the liquidity providers of 

Table 5. Price Discovery Measures and Preopening Activity of Member Categories

Interval Determinants
rCC

rCC 

If D_Liq � 1
rCC 

If D_Inf � 1 rCOE rCOC

(1) (2) (3) (4) (5)

[7:15–7:45] OISP
�0.797 4.332 �1.270 0.653 0.765
(�0.60) (1.56) (�0.08) (0.99) (1.16)

OISC 6.144*** 0.586 61.03** 7.511*** 7.135***
(4.24) (0.23) (2.30) (8.09) (7.68)

OIOA
�0.151 �0.001 5,104.8*** 1.529*** 1.691***
(�0.10) (�0.00) (10.53) (2.77) (3.12)

OISP 1.616 �1.676 3.189 1.452** 1.258*
(1.31) (�0.44) (0.18) (2.40) (1.96)

[7:45–8:30] OISC 6.187*** 10.19*** �8.345 6.712*** 6.632***
(5.25) (2.74) (�0.53) (7.52) (7.43)

OIOA 2.198** �0.221 19.73 3.209*** 2.926***
(2.13) (�0.08) (1.28) (5.42) (4.89)

OISP 11.19*** 13.72*** 41.28*** 4.927*** 6.963***
(6.15) (2.99) (2.68) (4.49) (6.40)

[8:30–9:00] OISC 18.34*** 9.601*** 43.46*** 12.12*** 13.67***
(12.35) (2.76) (4.63) (10.45) (10.86)

OIOA 6.757*** 15.20* 80.54*** 5.164*** 6.147***
(2.93) (1.88) (3.54) (5.17) (6.23)

Controls Yes Yes Yes Yes Yes
Stock fixed effects Yes Yes Yes Yes Yes

N 40,043 4,690 351 40,043 40,030
Adjusted R2 0.0209 0.0206 0.1937 0.0672 0.0640

Notes. This table reports coefficients (t-statistics) from regressions capturing the impact of preopening order imbalances on price discovery. In 
columns (1)–(3), the dependent variable is the close-to-close return rCC on Euronext (expressed in bps). In column (2) (column (3)), we reestimate 
model (1) focusing on days on which there is a liquidity shock (an information shock). In column (4) (column (5)), the dependent variable is the 
close-to-open return on Euronext, denoted rCOE the close-to-open return on Chi-X, denoted rCOC ) (expressed in bps). The independent variables 
are the standardized order imbalances OIc

[l] for each category of members (c � SP, SC, OA) in each interval [l], [l] � [7:15–7:45], [7:45–8:30], and 
[7:45–9:00] (see Online Table A.7 for summary statistics). All specifications use the following control variables: D_Inf and D_Liq, the dummies 
that control for an informational shock or an expected liquidity shock, the lagged (log) high-low volatility (HILO�1), and the lagged (log) total 
daily number of trades in Euros (# TRADES_d�1) controlling for level of the daily trading activity of the previous trading day. All regressions 
include stock fixed effects. Standard errors are clustered by stock and date.

***, **, and * denote significance levels of 1%, 5%, and 10%, respectively.
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the SP category follow contrarian strategies in the late 
interval, reducing the aggregate impact of SP imbal
ances (see also our robustness tests in Section 5.2).

5. Robustness
The aim of this section is to dig further into the impact 
of member preopening behaviors on opening price for
mation. We examine days with exceptional preopening 
sessions: (i) a day with an outage (on June 6, 2013) and 
(ii) stock days with delayed openings. Additionally, we 
explore the possibility of strategic interactions between 
member categories, such as concealing strategies.

5.1. Effects of the Euronext Preopening Session 
on Other Venues: Evidence from a 
Preopening Glitch

On June 6, 2013, the Euronext opening call auction was 
unexpectedly delayed because of a technical glitch, 
which prevented members from submitting orders to 
the market at the regular preopening starting time [7:15 
a.m.]. Preopening order submission resumed at 9:21 
a.m., and the opening call took place at 10:00 a.m., one 
hour later than usual.22 Meanwhile, Chi-X opened at 
9:00 a.m. We exploit this natural experiment to examine 
how traders altered their preopening strategies and to 
explore how it affected price discovery on Euronext 
and Chi-X. This experiment helps to shed light on the 
impact of the Euronext preopening session on Chi-X 
opening price formation.23

5.1.1. Preopening Activity on the Day of the Glitch. To 
delve into the potential changes in price discovery and 
preopening activity around the glitch, we split our sam
ple into two groups: (i) group T for the 35 (Treated) 

stocks that started to trade on Chi-X before 10:00 a.m. 
(i.e., before the Euronext opening call) and (ii) group C 
for the 62 (Control) stocks that started trading on Chi-X 
only after 10:00 a.m. Group T is the subsample of inter
est; we further split it into group T1 for the 30 stocks 
trading on Chi-X before 9:21 a.m. (i.e., no preopen hav
ing taken place yet) and group T2 consisting of five 
stocks trading on Chi-X between 9:21 a.m. and 10:00 
a.m. (i.e., at the same time as the preopen taking place). 
Figure 2 summarizes the timeline of the events and 
illustrates our decomposition into groups of stocks.

The Overall Picture. We use our measures of trading 
activity and message traffic defined in Section 3.2.2
to investigate whether the glitch caused any changes 
relative to the other (normal) days of the same week. 
Table 6 reports univariate tests. Panel A shows that, 
once resolved, the outage had little impact on the liquid
ity and trading activity on Euronext. Only stocks start
ing to trade on Chi-X before the preopen (group T1) 
have fewer preopening orders (almost �20%) and fewer 
opening trades at the opening call (almost �15%), but 
differences are not statistically significant. Regarding 
Chi-X, panel B shows that, because Euronext was 
closed, the possibility of trading on Chi-X attracted a lot 
of orders, in particular, for T1 stocks. Despite this surge 
in order submissions, the number of transactions is very 
low (1.93 trades in the first minute after the first trade 
on Chi-X referencing the opening price). When we 
zoom in on the liquidity, the bid–ask spread observed 
15 minutes after the first trade on Chi-X (when Euronext 
was closed for group T) is very large, presumably 
reflecting higher adverse selection costs. For T1 stocks, 
bid–ask spreads amount to almost 953 bps (as compared 

Figure 2. (Color online) Timeline for the Trading Glitch 

Notes. This figure shows the timeline of the events on the day of the glitch (June 6, 2013) from the first alert issued by Euronext at 8:45 a.m. to the 
opening call delayed at 10:00 a.m. Our treated group (T) consists of the 35 stocks trading on Chi-X before 10 a.m., which we further split into 
group T1 for the 30 stocks trading on Chi-X before 9:21 a.m. and group T2 consisting of five stocks trading on Chi-X between 9:21 a.m. and 10:00 
a.m. The control group (C) consists of the 62 stocks that started trading on Chi-X only after 10:00 a.m.

Daures, Moinas, and Boussetta: Click First or Last? 
2670 Management Science, 2026, vol. 72, no. 3, pp. 2656–2679, © 2025 The Author(s) 

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

21
6.

73
.2

16
.9

4]
 o

n 
05

 J
un

e 
20

26
, a

t 2
2:

25
 . 

Fo
r 

pe
rs

on
al

 u
se

 o
nl

y,
 a

ll 
ri

gh
ts

 r
es

er
ve

d.
 



with 20 bps for the normal days) and for the T2 stocks to 
335.6 bps (versus 9.7 bps), explaining the low number of 
transactions.

The Preopening Behavior of Market Participants. 
Table 7 examines the participation of members at the 
Euronext opening call around the glitch. It shows that 
only OA traders decreased significantly their preopen
ing order submission activity on the day of the glitch 
(�5 percentage points (pp) on average for T stocks and 
�6 pp for C stocks). It is worth noting that the market 
share of SP traders at the opening call is significantly 
lower (�25 pp for T stocks and �16 pp for C stocks), 
whereas the market share of SC has relatively increased 
by 16 pp for T stocks and 15 pp for C stocks. The market 
share of OA traders has also relatively increased for 
stocks in T stocks (+8 pp).

To better understand this composition change, we 
investigate the dynamics of the preopening order sub
mission strategy followed by members during the 39 
minutes of the preopen affected by the outage. We split 
these 39 minutes into three intervals: (i) 39 to 30 minutes 
prior, (ii) 30 to 15 minutes prior, and (iii) less than 15 
minutes prior to the opening call. This partition allows 
us to compare the preopen of the glitch to that of nor
mal days. We illustrate the dynamics of preopening 
order submission in Figure 3.

On the day of the glitch, SP traders arrive first in the 
limit order book, but because most of their orders are 
subsequently updated, they ultimately lose their time 
priority. SP traders submit fewer orders in the last inter
val compared with normal days, but these orders are 
more aggressive and monitored more actively. Slow cli
ents refrain from placing orders in the early interval 

Table 6. Descriptive Statistics Surrounding the Day with the Preopening Glitch

Trading on Chi-X

Before the open on Euronext 
T stocks

After the open on Euronext 
C stocks

Before 9:21 a.m. 
T1 stocks

After 9:21 a.m. 
T2 stocks

Glitch Normal Glitch Normal Glitch Normal

Number of stock events 30 30 5 5 62 62
Panel A: Euronext

ORD 688 847 734 731 260 286
MONITORING (%) 17.6 20.4 20.2 23.5 12.9 13.4
PCT_AGGR (%) 17.1*** 10.1 17.1 7.9 9.5 10.1
PCT_HID (%) 1.9 2.3 4.5 2.9 5.9 4.9
# OPEN_TR 74.63 88.53 76.60 72.55 25.77 30.42
QUOTED_SPREAD (OPEN+15’) (bps) 11.4 11.9 8.7 9.6 18.1 19.7

Panel B: Chi-X
Delay of the first trade relative to the 

Euronext open
�55’** 3′ �25’*** 2’ 13’ 13’

ORD (before the preopen) 538*** — 183** — 25*** —
ORD (before the open) 2,295*** — 414** — 78*** —
ORD (OPEN+5′) 4,214*** 801 2,551** 675 565*** 199
ORD (before the first trade) 24*** 140 275 113 273* 134
MONITORING (%) 32.3 34.6 57.7*** 35.9 56.0*** 36.7
# TRADES (first trade + 1’) 1.93*** 9.78 0.8* 6.85 5.21** 2.98
QUOTED_SPREAD (first trade + 15’) (bps) 952.8** 20.4 335.6* 9.7 43.2 55.1

Notes. This table reports the results of cross-sectional t-tests comparing the trading activity around the open on the glitch day (June 6) and or 
normal days (i.e., June 3, 4, 5, and 7). T stocks are stocks for which we observe a trade on Chi-X before the Euronext opening call at 10:00 a.m. T 
stocks are split into two groups: T1 stocks for which we observe a trade before the 9:21 a.m. preopen resumption and T2 stocks for which we 
observe a trade between 9:21 a.m. and the 10:00 a.m. opening call. The group of control stocks, denoted C, consists of stocks with a trade on Chi- 
X only after the Euronext 10:00 a.m. opening call. Panel A shows descriptive statistics for Euronext, whereas Panel B focuses on the activity 
around the open on Chi-X. For Euronext, we report statistics on message traffic during the preopen, namely, the number of orders (ORD), the 
monitoring ratio (MONITORING), the aggressiveness ratio (PCT_AGGR), and the proportion of hidden volume (PCT_HID). All these variables 
are defined in the caption of Table 2. We also report the number of trades executed at the opening call (# OPEN_TR) and the bid–ask spread 
measured 15 minutes after the opening call (QUOTED_SPREAD (OPEN+15’), expressed in bps). Panel B reports the following variables: Delay 
of the first trade on Chi-X relative to the Euronext open (expressed in number of minutes); the variable ORD is split into four different periods: the 
number of order submissions before the Euronext preopening phase (ORD (before the preopen)), those before the Euronext open (ORD (before the 
open)), those five minutes after the Euronext open (ORD (OPEN+5′)), and those before the first trade on Chi-X (ORD (before the first trade)). 
MONITORING is the monitoring ratio described in the caption of Table 2. # TRADES (first trade+1’) is the number of trades executed within one 
minute after the first trade on Chi-X. QUOTED_SPREAD (first trade+15’) is the quoted spread on Chi-X measured 15 minutes after the first trade 
on Chi-X (expressed in bps).

***, **, and * denote significance levels of 1%, 5%, and 10%, respectively.
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(consistent with becoming sidelined because of uncer
tainty) but submit more preopening orders during the 
second interval (30 to 15 minutes before the opening 
call), half of them being executed at the open or later 
during the day. SC traders are also very active in the 
final interval—more so than usual—with a large share 
of their orders being executed.24 OA traders place more 
orders in the first minutes, some of them being executed 
later, and submit fewer preopening orders in the last 
minutes, but more aggressively and with a higher fill 
rate than on normal days.

In conclusion, all members alter their order place
ment strategy during the glitch; the behavior of SP tra
ders suggests that part of them migrate to Chi-X, 
consistent with the fact that this category includes 
skilled traders who can trade on multiple venues, possi
bly on short-lived information. SC and OA traders 
seem to be less able to switch to other competing 
venues, possibly because of the best execution duty 
often tied to the primary best bid and offer, which 
remains undefined until Euronext opens. They, how
ever, strategically adapt their preopening behavior on 
that day.

5.1.2. Price Discovery on the Day of the Glitch. The 
glitch influences price discovery on Euronext and Chi- 
X differently. The evidence presented earlier shows 
that price discovery starts very early. On Chi-X, the 
glitch presumably affects stocks trading before the 

open of Euronext, particularly before the Euronext pre
open because of the absence of preopening information. 
On Euronext, the price discovery of T stocks might be 
affected because informed traders may migrate away to 
open alternative venues such as Chi-X.

To examine price discovery, we use the methodology 
of unbiasedness regressions described in Section 4.3 in 
a difference-in-difference (DiD) setup. We contrast T 
stocks starting to trade on Chi-X before the Euronext 
opening call (the Treated stocks) with C stocks (playing 
the role of control stocks). To address the potential endo
geneous treatment issue for T stocks, we use a Heckman 
two-stage estimation method. The results of the estima
tion of the selection model are reported in the Online 
Table A.8 for brevity. Larger stocks with more preopening 
activity and more volatility are more likely to start trading 
on Chi-X before the Euronext opening call.

Based on Equation (7) and our DiD setup, we esti
mate the following outcome equation:

rCC
s, t � α + (β0 + β1Delayt + β2Ts + β3Ts × Delays, t)

× rCOm

s, t + γWs, t + εs, t, (9) 

where the close-to-open return on venue m, rCOm , is the 
main independent variable (m � E, C); Delay is a 
dummy that takes the value of one on the day of the 
glitch; and T is a dummy variable that takes the value 
of one if stock s belongs to group T. The variable of 
interest is the triple interaction term between rCOm , 

Table 7. Members’ Participation on the Day of the Preopening Glitch

Trading on Chi-X

Before the open on Euronext 
T stocks

After the open on Euronext 
C stocks

Category Glitch Normal t-stat Diff Glitch Normal t-stat Diff

Panel A: Number of orders
ORD SP 464 542 �0.98 167 166 0.04

SC 167 187 �0.47 69 75 �0.35
OA 64 93 �2.07 ** 24 45 �2.77 ***
All 695 822 �1.14 260 286 �0.77

PCT_ORD (%) SP 67 64 1.07 65 59 2.78 ***
SC 22 21 0.74 23 23 0.19
OA 11 16 �1.80 * 12 18 �3.15 ***

Panel B: Volume
OPEN_VOLUME (e 1,000) SP 326 932 �2.66 *** 83 97 �0.49

SC 443 438 0.03 206 88 2.46 **
OA 392 504 �0.76 69 40 1.70 *
All 1,161 1,874 �1.56 358 225 1.79 *

MARKET_SHARE (%) SP 26 50 �8.56 *** 27 43 �5.68 ***
SC 44 28 4.69 *** 54 39 4.53 ***
OA 30 22 2.95 *** 19 18 0.58

Notes. This table presents cross-sectional t-tests comparing preopen activity around the glitch day. Group T includes treated stocks that traded 
on Chi-X before Euronext’s open, whereas group C consists of control stocks trading on Chi-X only after Euronext’s open. Panel A reports 
preopening activity based on order count (ORD) and percentage (PCT_ORD) across the three categories of members (SP, SC, OA) on the glitch 
day vs. normal (control) days. Panel B reports opening activity using volume in euros (OPEN_VOLUME) and percentage (MARKET_SHARE).

***, **, and * denote significance levels of 1%, 5%, and 10%, respectively.
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Figure 3. (Color online) Preopening Messages Around the Glitch and Other Delayed Openings 

Graph (a) : Sophis.cated Proprietary (SP) traders

Graph (b) : Slow Clients (SC)

Graph (c) : Other Agency (OA) traders

Notes. This figure shows preopening messages per stock averaged by minute on days with a delayed opening relative to other normal (control) 
days of the week. We contrast the delayed opening which is due to the technical outage of June 6, 2013 (glitch) from other delayed openings 
(other delayed). In each graph, we split the preopening period into three intervals: 15 minutes before the opening call, between 30 and 15 minutes 
before the call, or more than 30 minutes before the call. The legend of the bars is similar to that of Figure 1. Graph (a) shows the preopening order 
submission for sophisticated proprietary (SP) traders, graph (b) focuses on (SC) slow clients, and graph (c) on other agency (OA) traders.
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Delay, and T. All specifications use the set of control 
variables, W, consisting of the variables T, Delay, their 
interactions, and a correction factor from the first stage 
selection model (i.e., the inverse Mills ratio (IMR)). In a 
second specification, we additionally include in Equa
tion (9) the dummy variable, T1, that takes the value of 
one if stock s belongs to the group of T1 stocks that 
started to trade on Chi-X before Euronext resumed the 
preopening session at 9:21 a.m. This allows us to pin 
down the differential impact of not having a preopen
ing period compared with not having an opening call.

Table 8 reports the results in columns (1)–(4). First, 
we document a negative but insignificant impact of the 
glitch on the informational content of the first price on 
Chi-X and Euronext (in all specifications). This suggests 
that the glitch has not significantly impaired price dis
covery for C stocks trading on Chi-X after the Euronext 
opening call. In contrast, price discovery significantly 
worsens on Euronext and Chi-X on June 6 for T stocks 
(t-stat at 10% and 1% levels in columns (1) and (3)). 
Results reported in column (2) further show that the 
price discovery on Euronext for T1 stocks is negatively 

Table 8. Daily Price Discovery on Days with Delayed Openings

Euronext close-to-close return rCC

Glitch Other delayed openings

(1) (2) (3) (4) (5) (6)

Euronext rCOE
×T×Delay �0.784* 0.349 0.946

(�1.70) (0.34) (0.46)
rCOE
×T1× Delay �1.121

(�1.03)
rCOE
×Delay �0.387 �0.388 �0.659

(�1.50) (�1.51) (�1.44)
rCOE
×T 0.211 �0.397 0.131

(1.17) (�0.83) (0.27)
rCOE
×T1 0.670

(1.37)
rCOE 0.935*** 0.935*** 0.832***

(8.00) (8.03) (6.24)
Chi-X rCOC

× T × Delay �0.870*** 0.039 0.509
(�2.87) (0.06) (0.47)

rCOC
×T1×Delay �0.981*

(�1.70)
rCOC
×Delay �0.300 �0.300 �0.750***

(�1.14) (�1.14) (�3.18)
rCOC
×T 0.089 �0.376 0.239

(0.53) (�0.76) (0.70)
rCOC
× T1 0.508

(1.01)
rCOC 1.085*** 1.085*** 0.874***

(10.44) (10.49) (8.54)
IMR �0.0002 �0.00006 �0.00007 �0.00002 �0.0035 �0.00215

(�0.12) (�0.04) (�0.05) (�0.02) (�1.15) (�0.74)
Controls Yes Yes Yes Yes Yes Yes
N 479 479 479 479 337 337
R2 0.2515 0.2566 0.3170 0.32411 0.1173 0.2045

Notes. This table reports the estimates of unbiasedness regressions capturing the impact of a delayed opening on Euronext on the price 
discovery of Euronext and Chi-X in a DiD setup in which the day of the delayed opening is the treatment. We contrast the impact of a delayed 
opening on the group of stocks that trade on Chi-X before the open on Euronext (group T) with stocks that trade on Chi-X after the open on 
Euronext (group C). We use a Heckman two-stage process to deal with the endogeneity of T stocks. The estimates of the selection equation are 
reported in Online Table A.8. This table reports the results of the outcome equation. The dependent variable is the close-to-close return, rCC 

(expressed in percentage). The independent variables are the close-to-open return rCOm on venue m (where m � E (Euronext), C (Chi-X)), the 
variable Delay, which is a dummy variable that takes the value of one when the opening call of 9:00 a.m. is delayed for stock s at date t and zero 
on the four normal (control) days of that week, and the variable T, which is a dummy variable that takes the value of one for stocks in group T. 
The right-hand side variable of interest is the triple interaction term between the close-to-open return rCOm , Delay, and T. Columns (1)–(4) report 
results when the opening delay is due to the technical outage of June 6, 2013 (the glitch). Columns (5) and (6) focus on other delayed openings 
(excluding the glitch). In columns (2) and (4), we further split group T stocks in the 30 stocks trading before the Euronext preopen resuming at 
9:21 a.m. taking place (group T1), and the other five stocks trading later. We use the dummy variable T1 that takes the value of one if the stock 
starts to trade before the Euronext preopening. The control variables include the variables Delay, T, their interactions, and the IMR from the 
selection model. t statistics appear in parentheses.

***, **, and * denote significance levels of 1%, 5%, and 10%, respectively.

Daures, Moinas, and Boussetta: Click First or Last? 
2674 Management Science, 2026, vol. 72, no. 3, pp. 2656–2679, © 2025 The Author(s) 

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

21
6.

73
.2

16
.9

4]
 o

n 
05

 J
un

e 
20

26
, a

t 2
2:

25
 . 

Fo
r 

pe
rs

on
al

 u
se

 o
nl

y,
 a

ll 
ri

gh
ts

 r
es

er
ve

d.
 



impacted but not significantly. In contrast, on Chi-X 
(column (4)), not having a preopening period on Euro
next has significantly damaged price efficiency. This 
suggests that there is value in the price discovery of the 
preopen even without an opening call auction.

When considering the influence on price discovery 
of members altering their preopening strategies, we 
observe a departure from normal days (results are 
shown in Online Table A.9). On the day of the glitch, 
early order imbalances, in particular from slow clients, 
are not statistically significant, consistent with a switch 
to a wait-and-see inactivity mode described above. 
Only those generated by later preopening submissions, 
whether from the SC or SP categories, make a signifi
cant contribution to price discovery.

5.1.3. Other Delayed Openings. Stocks might experi
ence delayed openings for reasons other than a techni
cal glitch. Most often, it is because of endogenous 
reasons, that is, the limit order book at the end of the 
preopening period is not deep enough to trigger a trade 
matching at the opening call. Accordingly, the price of 
the first trade occurring in the main trading session is 
designated as the opening price. Note that, although 
the open is delayed, a preopen takes place. In this sec
tion, as a robustness test, we identify all the days in our 
sample for which an opening matching did not occur at 
9:00 a.m. Stocks experiencing an opening delay are rela
tively thinly traded stocks (see Online Table A.10).

Figure 3 shows that the strategic behavior of traders 
is different from that on the day of the glitch. All mem
ber categories reduce their order placements with 
almost no early orders and very few late orders submit
ted. In particular, slow clients choose not to submit any 
early aggressive orders. This change is consistent with 
De Frutos and Manzano (2014) or Schöneborn and 
Schied (2009), who show that sunshine trading closely 
depends on market conditions.25

We follow a methodology similar to the two-stage 
DiD approach described above and estimate an out
come equation similar to Equation (9) except that the 
dummy variable Delay now takes the value of one on 
days with a delayed opening. T stocks include those 
that traded on Chi-X before Euronext’s first trade, 
whereas C stocks began trading on Chi-X only after the 
Euronext first trade. Table 8 reports the results in col
umns (5) and (6). Results show that the delay does not 
affect the price efficiency of T stocks, whether on Euro
next or on Chi-X. T stocks benefit from the price discov
ery of the preopen, corroborating that there is value in 
the preopen without an opening call. The price discov
ery of C stocks appears to be significantly impaired on 
Chi-X, likely because of insufficient liquidity compared 
with Euronext. Results of Online Table A.9 show that 
only late imbalances from slow clients significantly con
tribute to price discovery on days with a delayed 

opening, reflecting a general reduced preopening activ
ity reported above.

5.2. Are They Strategic Interactions 
Between Categories?

We now explore the possibility for member categories 
to interact strategically during normal times. In particu
lar, we investigate the case of concealing strategies. SP 
or OA traders could use the early sunshine trading 
strategy from slow clients to hide private information 
by pooling their orders with those of slow clients 
(Admati and Pfleiderer 1988). In addition, slow clients 
could also follow a camouflage trading strategy in the 
late phase of the preopen if an early sunshine trading 
strategy is too costly (Schöneborn and Schied 2009). 
Figure 1 shows that more sophisticated traders proxied 
by the SP or OA categories submit almost no orders 
during the early preopening phase used by slow clients 
to gain time priority. At the beginning of the preopen, 
visual inspection reveals no evidence of orders pooling, 
challenging the likelihood of informed traders engag
ing in early strategic information concealing. During 
the final phase, there is a higher concentration among 
all groups although slow clients reduce their order 
placement activity compared with the earlier phase.

To further investigate the possibility of concealing 
strategies, we use Equation (3) to explore how preopen
ing activity correlates across the different member 
groups. We run the following regression model:

Yc
[l], s, t � α+ β1Y�c

[l], s, t + (β2Yc
[l�1], s, t + β3Y�c

[l�1], s, t+)β4Zs, t

+ ηs, t, (10) 

where Y stands for two dependent variables: (i) the 
(log) number of orders ORDc

[l], s, t submitted by category 
c (results presented in panel A) and (ii) the signed (stan
dardized) order imbalance generated by each member 
category c, OIc (in panel B). Superscript �c designates 
peers and subscript [l� 1] the previous phase (when it 
exists). The variable of interest is the contemporaneous 
reaction of peers, Y�c

[l] , where c � SP, SC, and OA and 
[l] � [7:15–7:45] and [7:45–9:00]. The other variables 
control for the preopening activity of members (former 
or contemporaneous). The set of remaining control 
variables Z is made of the tick size and the set of control 
variables used in the regression described by Equation 
(3). If members follow a concealing trading strategy, the 
coefficient β1 should be positive and significant.

Table 9, panel A, shows that late contemporaneous 
order submission activity is significantly positively cor
related across all member categories. In the early phase, 
only slow clients tend to increase their order submis
sion when other members are more active. These 
results might be due to strategic order clustering, but 
the evidence remains weak. Table 9, panel B, does not 
show any evidence of early or late imbalance clustering, 
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Table 9. More Strategic Preopening Interactions?

Panel A: Number of preopening orders

ORDc_[7:15–7:45] ORDc_[7:45–9:00]

SP SC OA SP SC OA
(1) (2) (3) (4) (5) (6)

ORD�c_[7:15–7:45] 0.013 0.078** 0.005 0.035* �0.037* �0.015
(1.51) (2.02) (1.17) (1.73) (�1.71) (�0.86)

ORD�c_[7:45–9:00] 0.130*** 0.114*** 0.209***
(5.95) (4.32) (7.66)

ORDc_[7:15–7:45] 0.015 0.360*** 0.042*
(0.60) (9.37) (1.67)

Controls Yes Yes Yes Yes Yes Yes
Stock fixed effects Yes Yes Yes Yes Yes Yes
N 40,043 40,043 40,043 40,043 40,043 40,043
Adjusted R2 0.1176 0.7045 0.1292 0.8310 0.7441 0.7064

Panel B: Standardized order imbalances

OIc_[7:15–7:45] OIc_[7:45–9:00]

SP SC OA SP SC OA
(1) (2) (3) (4) (5) (6)

OI�c_[7:15–7:45] 0.002 �0.0034 �0.0008 �0.009 0.0050 0.0092
(0.58) (�0.74) (�0.25) (�0.90) (1.04) (0.91)

OI�c_[7:45–9:00] 0.0031 0.0065 �0.0046
(0.21) (0.44) (�0.29)

OIc_[7:15–7:45] �0.0066 0.0169 �0.0069
(�0.64) (1.47) (�0.59)

Controls Yes Yes Yes Yes Yes Yes
Stock fixed effects Yes Yes Yes Yes Yes Yes
N 40,043 39,235 40,043 40,043 39,235 40,043
Adjusted R2 0.0068 0.0489 0.0052 0.1900 0.1281 0.0937

Panel C: Standardized order imbalances for subgroups of SP traders

OIc_[7:15–7:45] OIc_[7:45–9:00]

SP_LP SP_HFT SP_MX SP_NHFT SP_LP SP_HFT SP_MX SP_NHFT
(1) (2) (3) (4) (5) (6) (7) (8)

OI�c_[7:15–7:45] 0 0.004 0.002 0.0005 �0.019*** �0.009 0.004 �0.017*
(.) (1.06) (0.72) (0.11) (�3.16) (�0.69) (0.36) (�1.79)

OI�c_[7:45–9:00] �0.001 0.073*** 0.021 0.008
(�0.10) (4.61) (1.24) (0.61)

OIc_[7:15–7:45] 0 0.001 �0.028 �0.010
(.) (0.06) (�1.58) (�1.31)

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Stock fixed effects Yes Yes Yes Yes Yes Yes Yes Yes
N 40,043 40,043 40,043 40,043 40,043 40,043 40,043 40,043
Adjusted R2 . 0.0017 0.0042 0.0081 0.0093 0.2375 0.1214 0.0462

Notes. This table reports estimates of how the preopening activity of a member category relates to that of its peers. Columns (1)–(3) use a 
dependent variable measuring preopening activity between 7:15 a.m. and 7:45 a.m., whereas the remaining columns focus on activity from 7:45 
a.m. to 9:00 a.m. In panel A, the preopening activity is proxied by the (log) number of preopening orders for each member category c (c � SP, SC, 
and OA). In panels B and C, the preopening activity is measured by standardized imbalances OI defined in Online Table A.4. In panel C, we 
split the SP category into subgroups according to the value of account flag (LP and PROP). SP_LP designates sophististicated liquidity providers. 
All other proprietary SPs are differentiated according to the value of the speed flag: SP_HFT, SP_MX, and SP_NHFT. The explanatory variables 
of interest are the preopening activity measures of peers (�c); in specifications (4)–(6), we include lagged preopening activity measures. All 
regressions use the same set of control variables Z: the tick size, D_Inf and D_Liq, the dummies that control for informational or liquidity shocks, 
the lagged (log) high-low volatility (HILO�1), and the lagged (log) total daily number of trades in euros (# TRADES_d�1). All regressions include 
stock fixed effects. Standard errors are clustered by stock and date.

***, **, and * denote significance levels of 1%, 5%, and 10%, respectively.
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weakening the hypothesis of order concealing. It could 
be that our tests fail to detect such strategies. To further 
investigate the clustering behavior of SPs, presumably 
the category more eager to camouflage orders, we split 
SPs according to the value of the account flag (LP or 
PROP). SP_LP designates sophisticated liquidity provi
ders. Other SPs, which are all proprietary (PROP) mem
bers, are differentiated according to the value of the 
speed flag: SP_HFT, SP_MX, and SP_NHFT. Table 9, 
panel C, reports the results. We do not find strong evi
dence in favor of concealing strategies except possibly 
for SP_HFT. Additionally, we find that SP_LP and 
SP_NHFT late imbalances are negatively and signifi
cantly correlated with early imbalances. These traders 
seem to absorb early imbalances and supply liquidity 
to slow clients, the category submitting many early 
orders, which is consistent with the sunshine trading 
hypothesis.26

6. Conclusion
This paper analyzes trader preopening strategies when 
price-time precedence applies at the opening call and 
relates them to the quality of the opening price discov
ery. Using Euronext data on speed and accounts of 
market participants trading stocks belonging to the 
SBF120 index constituents from May 2, 2012, to Decem
ber 31, 2013, we show that slow clients, a category of 
members characterized by less trading sophistication 
and less informedness, place very early serious orders 
to gain time priority, resulting in a first peak of order 
submissions at the beginning of the preopen session. 
This strategy shows similarities to sunshine trading, 
showcasing preannouncement characteristics. The sec
ond highest peak takes place close to the opening call. 
All members participate in the late phase, in particular, 
sophisticated traders, consistent with a privately 
informed group closely monitoring the cost of the infor
mation leakage. We find that information is signifi
cantly incorporated into prices during the entire 
preopening session unlike other studies. There is an 
intense acceleration of price discovery in the last min
utes, consistent with the existing literature. Using days 
with exceptional opening delays and, in particular, a 
preopening outage, we show that the preopen has 
value for price discovery even without an opening call, 
in particular, for other competing satellite trading 
venues.
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Endnotes
1 The New York Stock Exchange (NYSE) uses a price-parity rule 
that prioritizes orders from the floor traders over similar orders 
placed through its electronic order book (see, for instance, Battalio 
et al. 2021, Jegadeesh and Wu 2022).
2 The SBF120 index is a French stock market index representing the 
120 most actively traded stocks listed in Paris. During our time 
period, the SBF120 index captured almost 40% of the total French 
market capitalization.
3 Our results complement Hu and Murphy (2024) and Jegadeesh 
and Wu (2022), who examine the role of order imbalances in price 
discovery at the close. Closing auctions concentrate the highest vol
ume of orders at a single point in time. Although there is no need to 
solve any crucial overnight information asymmetry, liquidity pres
sure is stronger at the close because of participants following pas
sive management strategies (see, for instance, Bogousslavsky and 
Muravyev 2023). Therefore, price dynamics are likely to differ dur
ing the preopen when trading motives vary.
4 Online Section A.1, which replicates our main findings on older 
(2007) data from Euronext, which include individual identifiers of 
members, corroborates this conjecture.
5 Outside of limit order markets, Cao et al. (2000) investigate the 
NASDAQ market (at the time, a decentralized, nonanonymous 
dealer market) and show that market-makers use nonbinding 
quotes to signal information. Barclay et al. (2008) and Pagano et al. 
(2013) show that the decentralized opening design of NASDAQ 
negatively affected price efficiency. NASDAQ introduced a consoli
dated opening call in 2004.
6 At the time, MiFID I used the primary market reference price as a 
benchmark for best execution.
7 Some other lit venues exist, such as BATS Trading Limited (BATS) 
or Turquoise. They operate similarly to Chi-X, but under different 
rules, and attract lower volume. For our sample, the market share 
of lit venues amounts, on average, to 70%. The rest of the volume is 
executed over the counter (OTC) (around 25%) and on small dark 
pools such as Equiduct, Tradegate, or SigmaX.
8 Note that, during all sessions, an order modification leads to a 
new time priority if either the price limit is changed or the modifica
tion negatively impacts the priority of the execution of other orders.
9 Out of the 120 constituents, we drop stocks that did not belong to 
the SBF120 index on January 1, 2012, and stocks that did not trade 
continuously or frequently enough on Chi-X. We drop 10 trading 
days and 212 stock day observations because of trading halts, half- 
day trading sessions, and Euronext-flagged data reporting issues. 
Twelve stock split days are identified using COMPUSTAT, and 
returns are adjusted accordingly.
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10 During the period of our study, the tick value is e0.001 when the 
stock price is below e9.999, e0.005 when the stock price varies between 
e10 and e49.995, e0.01 between e50 and e99.99, and e0.05 for a price 
above e100. This rule is valid for Euronext and Chi-X (Europe).
11 In our data, one third of the announcements occur overnight after 
markets close and two thirds before markets open. In the latter case, 
earnings are often released around 7:00 a.m., and the announcement 
may be followed by a conference call that usually takes place after 
the market opens, either in the morning or afternoon.
12 The AMF classifies members based on the median lifetime of can
celed orders and on the number of canceled orders. The classifica
tion is immutable: it is impossible for a member to post an order 
flagged “HFT” and another one flagged “MX.” It is revised on a 
yearly basis but is extremely persistent. There are 10 to 20 pure HFT 
members (see https://www.fia.org), 10 to 20 MX members, and 
more than 150 NHFT members, according to the AMF. Note that 
this flag is only available for the primary exchange and not for the 
other lit venues, such as Chi-X.
13 An RP is often a subsidiary of a Euronext member, trading with 
the membership ID of the latter and under its supervision. The RT 
facility was launched by Euronext on January 28, 2013. It aimed at 
bringing retail brokers an additional layer of liquidity by offering a 
best-of-the-book execution or even a price improvement for less 
informed retail orders. At the launch, the service was only available 
for the constituents of the major national indices (for our study, the 
constituents of the CAC40). At the end of 2014, retail order flow 
flagged RT represented 2% on Euronext (see the Euronext Universal 
Registration Document 2014).
14 Online Table A.5 provides descriptive statistics on a more com
plete set of measures of trading and quoting activity for the 12 
member-types. In particular, the member-type profits computed 
using the closing price five business days later to value the net daily 
position, PROFIT_5D, is consistent with our measure of daily 
PROFIT using the closing price of the day of the trade.
15 A market-to-limit order is sent in as a market order to execute at 
the current best price. If the entire order does not immediately exe
cute at the market price, the remainder of the order becomes a limit 
order with the limit price set to the price at which the market order 
portion of the order executed.
16 Biais et al. (1999) find that trading at the opening call represented 
about 10% of the total daily trading volume for CAC40 stocks in 
1991. The decrease in the market share of the opening call in the 
1990s might be explained by several factors: (i) regulatory changes 
(such as the implementation of the 1993 European Investment Ser
vice Directive liberalizing capital flows in Europe); (ii) the discon
tinuation of the opening price as the reference price for some 
derivatives and OTC trades; or (iii) the competitive pressure from 
the SEAQ International (SEAQI), the London Stock Exchange’s elec
tronic price information system for non-UK equities. The SEAQI 
was especially attractive for block trades because it was deeper, 
guaranteed lower transaction costs for large trades, and was opa
que. The limit order book of the Paris Bourse was—at that time— 
totally transparent, making block trades more risky because they 
were reported and displayed immediately in the system (see 
Pagano and Roell 1990, Gresse and Jacquillat 1998).
17 Online Table A.6, panel A, details the shares of the trading vol
ume (in euros) by trading phase (open, continuous, or close), by 
members’ account (in row) and speed (in column). It shows that 
HFTs’ market share at the open is below 6% (mainly driven by 
HFT-PROP traders). HFTs do not participate in the closing auction 
either (market share lower than 3%). Speed does not provide a criti
cal advantage during an auction.
18 To quantify the damages of information leakages, granular member- 
level data would be necessary to track informed traders’ strategies, 

examine if their strategies are detected, and analyze the impact of order 
anticipation strategies on execution costs. Our data lacks this granular
ity, making a full assessment beyond the scope of this study.
19 Panel (a) of Online Figure A.3 shows that, on days with an infor
mational shocks, only SP traders alter their preopening strategy by 
submitting more orders in the late stage (in line with Hypothesis 2). 
Panel (b) shows that, on days with expected liquidity shocks, slow 
clients place more early orders and fewer late orders (in line with 
Hypothesis 1).
20 The absolute order imbalances are reported in Online Table A.7. 
Robustness tests based on two alternative approaches to measure 
order imbalances are reported in Online Section A.2. Tests show that 
our results are not sensitive to the way we measure imbalances.
21 In Online Section A.1, we replicate results from Figure 1 and 
Tables 2 and 5 using 2007 Euronext data for which we observe 
member IDs. We find similar results, which suggests that our find
ings are robust over time. The slow clients category exhibits substan
tial heterogeneity in the degree of informedness and sophistication, 
clarifying why they make, in aggregate, trading losses but still con
tribute to price discovery.
22 The exchange released an alert at 8:45 a.m. The statement was 
“NYSE Euronext continued to experience issues and had delayed 
the opening auction for equities, indices, bonds, ETFs, warrants and 
certificates and Smartpool stocks (dark pool trading). This impacted 
customers globally.” As a consequence of this delay, the opening of 
the related individual equity option and single stock futures was 
also delayed (source: Info-flash, NYSE-Euronext, 6/6/2013).
23 Barclay et al. (2008) and Comerton-Forde et al. (2007), among 
others, examine the impact of introducing a call on market quality. 
The preopening outage allows us to complement these papers by 
focusing on the preopening phase and price discovery, while 
excluding the impact of the call auction mechanism.
24 This finding suggests that early orders submitted at 7:15 a.m. on 
normal days by the SC group are not purely mechanically or nonstra
tegically programmed to be sent at the beginning of the preopen.
25 Schöneborn and Schied (2009) explicitly show that sunshine trad
ing is not the optimal execution strategy when markets are illiquid 
and the number of potential liquidity providers in competition is 
reduced, conditions that closely resemble those of stocks with 
delayed openings, rather illiquid and thinly traded.
26 When we examine which SP subcategory contributes more to the 
daily price discovery, we find that SP_MX members significantly 
enhance price discovery in the late phase. In contrast, the SP_LP 
subgroup negatively contributes, offsetting other SP traders’ effects 
and potentially explaining a weaker-than-expected impact of the SP 
category in Table 5. These results are reported in Online Table A.11. 
The SC and SP categories, thus, embrace diverse trading motives, 
which explains why, although SP imbalances are rather negatively 
correlated with early SC imbalances, a part of both the SC and the 
SP order flows stems from more informed traders and correlates 
positively with close-to-close returns.
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