
THE GRADUATE INSTITUTE OF
INTERNATIONAL STUDIES

40, Bd. du Pont d’Arve
PO Box, 1211 Geneva 4

Switzerland 
Tel (++4122) 312 09 61  
Fax (++4122) 312 10 26

http: //www.fame.ch 
E-mail: admin@fame.ch

FAME - International Center for Financial Asset Management and Engineering

Order Submission Strategies 
and Information: Empirical 

Alessandro BEBER

Research Paper N° 146
June 2005

Evidence from the NYSE
HEC, University of Lausanne and FAME

Cecilia CAGLIO
U.S. Security and Exchange Commission 



Order Submission Strategies and Information:

Empirical Evidence from the NYSE∗

Alessandro Beber Cecilia Caglio

First Draft: August 2002

This Draft: June 2005

Abstract
We investigate the role of asymmetric information in affecting order submission
strategies. Order aggressiveness depends on the state of the order book and
on the asset dynamics. We find that the most important determinants are the
depth on the same side of the book and a momentum indicator. When we focus
on specific situations characterized by higher probability of information-based
trading, we find that orders are less aggressive, suggesting strategic behavior
of informed traders. This conjecture is supported by a different response to
changes in the investor’s information set and by a stronger price impact of less
aggressive orders.

JEL classifications : C35; G14
Keywords : Order Aggressiveness, Informed Trading, Order Flow

∗This paper was written while the authors were visiting the Department of Finance of the Wharton School,
University of Pennsylvania. The authors would like to thank Bruno Biais, Frank Diebold, David Dubofsky,
Catherine D’Hondt, Thierry Foucault, Gregory Kordas, Pascal St-Amour, Petra Todd, Mirko Wiederholt,
Avi Wohl, and seminar (conference) participants at Università Bocconi, University of Lausanne, the MTS
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Executive Summary

This paper investigates how an investor would change the strategy of submission of an

order on the stock market according to the information she has. Understanding how new

information is incorporated into prices is a major focus of an extensive research in finance.

In particular, market microstructure models provide a useful framework to analyze how

prices become efficient through the interaction of both informed and uninformed traders, and

often a market maker learning new information from the arrival and composition of trades.

However, most theoretical models assume informed agents enter the market aggressively to

exploit their private information.

In this paper, we argue that informed agents act strategically using limit orders. We

address this issue empirically, analyzing an essential aspect of the trading process, the order

submission. We examine order submission strategies on a sample of ten high transacted

stocks on the NYSE. At the outset, we study the general relation between the changes in the

investor’s information set, defined by the characteristics of the asset and the characteristics

of the market, and the decision to submit a more or less aggressive order. We then analyze

how an investor modifies her order submission strategies in settings with a higher probability

of information-based trading.

Our results show that order submission strategies depend in general both on

microstructure variables, like the bid-ask spread and the order book, and market conditions.

More specifically, we observe that the most important determinants are the quantity of

shares on the same side of the book, which induces more aggressive orders, and a momentum

indicator, which is positively related to buy order aggressiveness, but negatively related to

sell order aggressiveness. We find weaker evidence that volatility affects order submission

strategies.

When we examine situations with a higher probability of information-based trading, we

observe an intriguing pattern. Informed traders are likely to use non-aggressive strategies.



More specifically, we find that before positive earnings announcements, they submit buy

limit orders well below the bid price, in order to hide their information. Moreover, we detect

a different interpretation of some of the conditioning information that is consistent with a

possible attempt to disguise informed trades. This conjecture is supported by a relatively

stronger impact on prices for less aggressive orders when they are likely to be submitted by

informed agents.



Introduction

Understanding how new information is incorporated into prices is a major focus of an

extensive research in finance. In particular, market microstructure models provide a useful

framework to analyze how prices become efficient through the interaction of both informed

and uninformed traders, and often a market maker learning new information from the arrival

and composition of trades. However, both simple settings, such as Glosten and Milgrom

(1985), and models of limit order books, like Glosten (1994), Rock (1996), and Seppi (1997),

assume informed agents enter the market aggressively to exploit their private information.

In our paper, we argue that the order flow has information content beyond trades when

informed agents act strategically using limit orders. We address this issue empirically,

analyzing an essential aspect of the trading process, the order submission. Specifically,

we try to answer the following questions. First, do order submission strategies change

around periods where traders are likely to be asymmetrically informed? Second, are the

observed order strategies consistent with informed traders using only market orders, or is

there evidence consistent with informed traders using both market and limit orders?

We examine order submission strategies on a sample of ten high transacted stocks on

the NYSE, using the three-month time-series in the TORQ (Trades, Orders, Revisions, and

Quotes) database. At the outset, we study the general relation between the changes in the

investor’s information set, defined by the characteristics of the asset and the characteristics

of the market, and the decision to submit a more or less aggressive order. We then analyze

how an investor modifies her order submission strategies in settings with a higher probability

of information-based trading.

Our analysis is important for a number of reasons. First, we are able to better understand

how market conditions influence the trade-off between the order price and its probability of

execution. Since this trade-off is reflecting investor’s beliefs about both the underlying asset

value and the probability of facing information-based trading, we can obtain useful insights
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on the role of market characteristics in shaping these beliefs. For instance, we find that

higher momentum in the stock prices induces aggressive buy orders and passive sell orders.

This result is consistent with investors assuming the existence of stock price trends. Second,

our study provides some helpful indications in terms of security market design. Our evidence

of a higher frequency of market orders submission on the NYSE, with respect to the Paris

bourse (Biais et al., 1995), suggests that the role of the specialist in stopping and improving

market orders and the presence of floor brokers could be a suitable incentive for a quicker

revelation of information through more aggressive orders.1 Moreover, the similarity of the

order frequencies for the more passive categories between the NYSE and the Paris bourse

is an indication that the open versus the closed book should not particularly affect order

submission strategies. Finally, we can provide insights into informed traders’ behavior and

thus into the emergence of market liquidity and its information content.

This paper contributes to the extant literature in two main directions. First, we

expand the conditioning information set to adequately describe the complexity of an order

submission strategy. Several studies have empirically investigated specific determinants of

order aggressiveness. In particular, Biais et al. (1995) show that, on the Paris bourse, limit

orders are more frequently placed when the bid-ask spread is wide or the order book is

thin, while the opposite is true for market orders.2 Harris and Hasbrouck (1996) analyze

the ex-post performance of different order submission strategies on the NYSE, using the

TORQ data, without considering conditioning variables. Recent concurrent work by Ellul

et al. (2003) analyzes a broader set of conditioning information, but does not separate the

decision to buy and to sell from the decision to submit a more or less aggressive order. As

shown in Keim and Madhavan (1995), the motivation for the trade decision is not symmetric

for buys and sells. In our paper, we explicitly analyze the problem of the order submission

1The model of Ready (1999) shows that allowing the specialist to stop orders provides greater benefits
to liquidity traders. His analysis thus indicates that policymakers interested in attracting liquidity to the
market might want to allow the specialist to stop orders.

2Griffiths et al. (2000) and Ranaldo (2003) provide similar results for the Toronto Stock Exchange and
for the Swiss stock market, respectively.
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strategy, taking the decision to buy or to sell as given. Our methodology allows us to best

concentrate on the strategic choice of the order submission. Furthermore, our econometric

specification provides indications about the relative importance of each single determinant

in affecting the aggressiveness of an order.

Our second line of contribution is to examine changes in order submission strategies

when the probability of information-based trading is higher. A similar approach is adopted

in Kavajecz (1999), who investigates liquidity provision around the time of earnings

announcements to analyze situations in which some market participants could have more

information. The microstructure literature has traditionally assumed that informed traders

exploit their advantage right away using market orders (e.g., Glosten, 1994). However,

there is recent evidence that this may not be the case in practice. Kaniel and Liu (2002)

model the conditions under which informed traders may want to submit limit orders and

empirically show that limit orders are more informative. Bloomfield et al. (2003), using

an experimental market setting, find that informed traders use more limit orders than do

liquidity traders. Cao et al. (2003) show that the limit order book on the Australian Stock

Exchange contains valuable information to determine the true value of a stock. In this paper,

we obtain the conditional order submission strategies for specific settings characterized by a

higher probability of information-based trading. We then focus on the differences between

conditional and actual order submission strategies, thus inferring the behavior of informed

traders. Furthermore, we can control for whether the relation between the order submission

strategy and conditioning information changes.

Our results show that order submission strategies depend in general both on

microstructure variables and market conditions. In most cases, the relations we find

are consistent with the literature for other market structures and for simpler approaches.

More interestingly, we observe that the most important determinants are the depth on the

same side of the book, which induces more aggressive orders, and a momentum indicator,

which is positively related to buy order aggressiveness, but negatively related to sell order
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aggressiveness. We find weaker evidence that volatility affects order submission strategies.

When we examine situations with a higher probability of information-based trading, we

observe an intriguing pattern. Informed traders are likely to use non-aggressive strategies.

More specifically, we find that before positive earnings announcements, they submit buy

limit orders well below the bid price, in order to hide their information. Moreover, we detect

a different interpretation of some of the conditioning information that is consistent with a

possible attempt to disguise informed trades. This conjecture is supported by a relatively

stronger impact on prices for less aggressive orders when they are likely to be submitted by

informed agents.

The remainder of the article is organized as follows. In Section 1 we describe the data.

In Section 2 we illustrate our description of the investor’s information set. In Section 3

we briefly explain the econometric model. Section 4 presents the empirical results for the

general case. Section 5 illustrates the analysis of specific situations with higher probability

of information-based trading. Section 6 concludes.

1 Data and Preliminaries

In this Section, we describe the filtering criteria used to obtain our sample from the TORQ

database. We then illustrate the results of an unconditional analysis of aggressiveness.

1.1 Sample

The data used in this study come from TORQ. The data set contains detailed histories

for orders, transactions and quotes on 144 NYSE stocks for the period covering November

1990 through January 1991. A thorough description of the TORQ database is provided in

Hasbrouck (1992).

The TORQ data do not account for the reductions in the tick size that took place in

1997 and 2000. However, the empirical results provided in Goldstein and Kavajecz (2000)
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and Bacidore et al. (2003) show that the different tick size causes a reduction in quoted

and effective spreads, a reduction in quoted depths, smaller limit order sizes, but no major

changes in order submission strategies or in execution quality. Furthermore, the work in the

decimal pricing environment by Ellul et al. (2003) obtains some results that are consistent

with our evidence.

We study the ten stocks that showed the highest average value of transacted volume

during the whole three-month sample. The high liquidity of these stocks allows a timely

relation between order submission strategies and the variables of the investor’s information

set. This is a crucial feature for our methodological design, since we want to investigate the

decision on the aggressiveness of an order at a high frequency. More specifically, we study the

behavior of a buyer or seller that is indifferent about the time of the day of the actual trade,

but that is not willing to wait a few days to get an order execution. In this framework, we can

better disentangle the determinants of the order submission strategy from the determinants

of the decision to buy or to sell. This kind of analysis is not feasible for stocks with a few

submitted orders per day. For the most traded stock in our sample, International Business

Machines (IBM), we register an average of 3.5 buy orders and 5.7 sell orders in a five-minute

interval, whereas for the least traded stock in our sample, Colgate-Palmolive (CL), there is an

average of 0.7 and 0.6 buy and sell orders in a five-minute interval.3 Furthermore, restricting

the analysis to ten stocks allows us to consider the whole sample in the time-series dimension.

Some other microstructure studies using large data sets have analyzed more stocks, but at

the same time have investigated substantially shorter time spans. The drawback of our

methodological choice is that empirical estimates based on the analysis of ten stocks can be

influenced by one or two stocks. In the empirical section of the paper, we perform robustness

checks to make sure that our results are not driven by outliers. Finally, sampling large stocks

limits the influence of the unmodelled specialist behavior on our results, since the specialist

3The average number of orders per time interval is just the total number of standard market and limit
orders in our sample divided by trading time. These statistics show that a high frequency analysis of order
submission strategies in our sample cannot consider infrequently traded stocks. For example, even the median
stock for trading volume in the TORQ database has an average of just 0.8 orders per hour.
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has moderate participation for these stocks (Kavajecz, 1999). This last aspect is especially

important for our sample period when the specialist had considerable discretion in posting

quotes (see McInish and Wood, 1995).

Table 1 presents summary statistics for the sample stocks. We obtain the market

capitalization at the beginning of November 1990 and the average transacted volume during

the sample period from the Center for Research on Security Prices (CRSP). The orders data

come from the System Order Database (SOD) file of the TORQ database. Although we

consider the ten most transacted stocks, there is still substantial cross-sectional variation in

market capitalizations and volume. Notice that Exxon (XON) is more than 20 times larger

than Glaxo (GLX), and IBM’s average transaction volume is about 15 times higher than

CL. The composition of the order flow also exhibits considerable cross-sectional variation:

submission of limit or market orders represents a highly variable proportion of the total order

submission. For example, market orders for XON are almost twice as much as limit orders,

while the opposite is true for Federal National Mortgage Association (FNM).

We apply a set of filter rules to the data to exclude obvious errors and misreported

information. The first criteria takes into account the daily operating structure of the

market. The NYSE opens with a call auction market and operates as a continuous market

for the remainder of the trading day. To avoid mixing different trading structures, we ignore

overnight price and quote changes. We also exclude orders submitted during the opening

auction. We start considering order placement just after the opening quotes have been posted

and we eliminate any order with a time stamp after the market has closed.

We consider only New York’s quotes because they are the most representative of prevailing

consolidated prices (see Hasbrouck, 1991 and 1995; Blume and Goldstein, 1992 and 1997).

We filter out the anomalous data.4 In particular, we carefully avoid to take into account

second copies of orders already considered. This may happen when an order is executed in

4For instance, we discard all the transactions and quotes that occurred on November 23, 1990, because
they reflect a very peculiar trading day pattern. The NYSE internal information computerized system was
down for several hours that day and it was the day after Thanksgiving.
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parts over the course of the trading session, or when an order is executed in a different day

with respect to the original submission. We also eliminate from the original file tick-sensitive

market and limit orders, and stop orders, because they are likely to be submitted for different

motivations compared with standard orders.

1.2 Order Aggressiveness

Given the decision to buy or sell a stock, the investor’s order submission strategy is not just a

choice between a market and a limit order. In fact, she can submit very different limit orders,

trading off probabilities of execution with transaction costs. Moreover, the order placement

is a joint decision of price and quantity: large orders can be split in smaller ones, again to

influence probabilities of execution and transaction costs. We thus define an aggressive order

submission as the investor’s preference for an immediate and certain execution, coupled with

her indifference for the transaction cost component.

We categorize an investor’s order choice in six levels of aggressiveness for each side of the

market, following a classification scheme similar in logic to Biais et al. (1995) or Griffiths et

al. (2000). We use both the price of the limit order and its size with respect to the depth at

the best quotes to define the appropriate category.5

Category 1 is composed of the most aggressive orders. Specifically, either buy (sell)

market orders and buy (sell) limit orders for a price greater (less) than or equal to the best

ask (bid), both submitted for a quantity of shares larger than the correspondent quoted

depth. Category 2 comprises buy (sell) market orders and buy (sell) limit orders for a price

greater (less) than or equal to the best ask (bid), but for a size smaller than the quoted

depth.6

5In our sample period an investor could have information about the depths at the best quotes, whereas
the remainder of the order book was restricted. Only recently the NYSE has adopted an open book.

6Marketable limit orders have the same trading priority as market orders because the NYSE prioritizes
orders on price. The only difference between a market order and a marketable limit order is that the limit
order has an execution price bounded by the limit price (Peterson and Sirri, 2002).
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Buy (sell) limit orders in category 3 have a price that lies between the bid and the ask.

Buy (sell) limit orders in category 4 have a price equal to the bid (ask). The limit orders

in category 5 and 6 are the least aggressive, with prices below (above) the bid (ask): up to

four ticks from the prevailing relevant best quote for orders in category 5, more than four

ticks for the orders in category 6.

Table 2 presents the number of orders for each category of aggressiveness in our sample.

The most frequent order type is category 2: market orders and marketable limit orders are

the 60.48% and the 61.34% of the total buy and sell orders, respectively. Interestingly, there

is a high number of orders placed at the best quote (category 4). This is consistent with the

evidence of a good average performance for these orders (Harris and Hasbrouck, 1996). The

number of limit orders whose price lies within the quotes is about half of the number of buy

(sell) limit orders placed below (above) the bid (ask). We notice higher aggressiveness for

sell orders with respect to buy orders, stemming especially from the different frequency in

the most passive category. This last finding is consistent with previous evidence (e.g., Keim

and Madhavan, 1995), and may occur because the risks of failing to sell in declining markets

are perceived to be greater than the risks of failing to buy in rising markets.

The comparison of our results to the findings for the Paris bourse limit-order book

(Biais et al., 1995), and for the Toronto Stock Exchange hybrid specialist/limit order system

(Griffiths et al., 2000), reveals a number of insights. First, NYSE market orders are more

frequent. This may happen because of the role of the NYSE specialist in improving the

execution of market orders by stopping orders (see Harris and Hasbrouck, 1996). Second,

NYSE limit orders are less frequently placed within the quotes. This could be the result of the

previously mentioned incentive in placing market orders, or just the effect of a narrower bid-

ask spread for the stocks in our sample. Third, the most aggressive NYSE orders (category

1, in our classification) are less frequent than in other markets. This result is possibly due

to the low representativeness of the SuperDOT system order flow for orders of large size

(see Harris and Hasbrouck, 1996). Finally, the frequency of orders in the least aggressive
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categories is very similar to other markets featuring an open book. We thus argue that

pre-trade transparency does not seem to affect order submission strategies to a great extent.

We extend the analysis of the order flow composition by examining its evolution during

the day. We divide the trading day into nine subperiods: one for the orders submitted

in the first 30 minutes following the market opening, then one for every hour of the day

until 3:00pm, and finally three other intervals for the last hour (30 minutes plus two 15

minutes subperiods). For each subperiod, we determine the number of orders for different

categories. In Table 2 we observe that aggressive orders in category 2 are placed with

increasing frequency during the day, on both the buy and the sell side, while limit orders

become generally less frequent. Given that most of the orders in our sample are day-orders,

we infer that traders perceive the gradual reduction in the probability of execution of limit

orders while approaching the end of the trading day, consistent with a deadline effect.7 This

effect is similar to the ’magnet effect’ suggested by Subrahmanyam (1994) and documented

by Goldstein and Kavajecz (2004), whereby market participants accelerate the timing of

their trades before a potential market-wide circuit breaker. We notice also an interesting

pattern in the last half hour of trading: all categories of orders are decreasing in frequency,

except market orders and limit orders in category 5. We deduce that, at that point of

the day, the trade-off between probability of execution and transaction costs converges to a

binomial choice, where orders of categories 3 and 4 are not offering enough in terms of price

improvement to compensate the loss of probability and orders of category 6 are just very

unlikely to be executed.

7This is an unconditional analysis and the gradual increase in order aggressiveness could be the result
of an omitted variables problem. We address this issue by estimating a conditional model in the empirical
analysis of Section 4.
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2 Investor’s Information Set

In this Section, we describe the variables used to characterize the investor’s information

set. We distinguish market microstructure-related variables, stock price-related variables

and asymmetric information-related variables.

2.1 Microstructure-Related Variables

The state of the book, described by the bid-ask spread and the number of shares offered and

demanded at the quotes, affects the order submission strategies of an investor.

More specifically, we relate the aggressiveness of an order to the bid-ask spread, computed

as a proportion of the bid-ask midquote, prevailing just before the submission. We expect

traders to provide liquidity when the price of liquidity is high, consistent with the results of

Biais et al. (1995), Chung et al. (1999) and Griffiths et al. (2000). We thus predict order

aggressiveness to be decreasing in the bid-ask spread width.

The probability of execution of a limit order, however, depends also on the orders standing

on the book and on the aggressiveness of orders arriving over the remainder of the trading

day. We measure the depth as the number of shares prevailing on the same and on the

opposite side of an order that is being submitted. An investor submitting an order knows

the quoted depth at the bid and at the ask prices. She does not know the depth on all the

order book, at least in our sample period. We therefore consider only the number of shares

prevailing at the best prices in describing the investor’s information set. The dynamic model

of the limit order book of Parlour (1998) distinguishes between a direct competition effect

and a potential strategic effect on order submission strategies. Consider the submission of

a buy limit order in a situation where there is a thick book at the bid. The long queue

on the buy-side has two effects. First, the buy limit order has a lower time priority, and

would therefore require the arrival of many sell market orders to be executed (competition

effect). Likewise, sellers rationally anticipate the crowding out effect of buy limit orders
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and are thus better off submitting less aggressive sell orders (strategic effect). Both of these

effects reduce the incentive to submit a buy limit order when there is higher depth at the

bid. Furthermore, the combined effects of a thicker book at the bid on the aggressiveness of

buy orders is greater than the effect induced by the expected variation in the aggressiveness

of sell orders, given a longer queue at the ask.

In summary, we expect that a thicker quoted depth on the same (opposite) side will

induce more aggressive (passive) orders and that the effect of the same side depth will be

greater than the effect of the opposite side depth.8

2.2 Stock Price-Related Variables

A second group of variables defining the investor’s information set describes the evolution

of the stock price. We consider an indicator of momentum, volatility, volume and frequency

of transactions. At the outset, we compute a time-homogeneous series for the stock price.

Using the transaction prices reported in the Consolidated Transaction (CT) file of the TORQ

database, we build a five-minute returns time-series by linearly interpolating between the

stock price immediately preceding and immediately following the five-minute interval. Time-

homogeneous five-minute returns allow to reduce market microstructure effects, such as

the bid-ask bounce or the effect of multiple executions, and have been used extensively

in the literature (e.g., Andersen and Bollerslev, 1997). We consider transaction prices more

informative than bid-ask midpoints, because they represent actual trades and because actual

trade prices are often better than the posted quotes (e.g., price improvement).

Momentum

A basic feature of a stock price evolution is its momentum. In particular, we aim to

capture the investors’ perception of the potential risk of non-execution for a limit order

when the price is quickly moving away from the current level. We compute a momentum

8We do not explicitly consider the alternative of routing the order to regional exchanges with shorter
limit order queues when there is a long queue on the same side. If this alternative is a standard market
practice, the competition effect would not manifest itself in more aggressive orders at the NYSE.
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indicator (MOM) at time t as the ratio between the stock price Pt and an exponential

moving average (EMAt) of the price itself. The numerical evaluation of the moving average

is efficient because of the exponential form of the kernel, which leads to a simple iterative

formula:9

EMAt (Pi) = (1− λ)
t∑

i=0

λt−iPi = λEMAt−1 (Pi) + (1− λ) Pt

MOMt =
Pt

EMAt (Pi)
=

Pt

λEMAt−1 (Pi) + (1− λ) Pt

,

where P0 is the first price of each day. The estimation depends on a decay factor λ, bounded

between zero and one, which specifies the relative weights applied to the observations and

the actual amount of data used in the estimation. In our analysis, λ is set to 0.95.10 A stock

price up-trend or down-trend entails a momentum indicator diverging from one, whereas a

stock price showing no specific directional movement leads to a momentum indicator close to

one. We expect to find a positive (negative) relation between buy (sell) order aggressiveness

and momentum.

Volatility

A second characteristic of a stock price time-series is its volatility. We use an exponential

moving average of the squared returns computed on transaction prices to obtain a time-

varying indicator of volatility, where the latest observations carry the highest weight in the

volatility estimate. In particular, for a decay factor λ equal to 0.95, the volatility estimator

is:

σ̂t = EMAt

(
r2
i

)
=

√
λEMAt−1 (r2

i ) + (1− λ) r2
t .

The literature has identified various effects that volatility may have on order submission

9A simple proof of the iterative formula is provided, among others, in J.P. Morgan (1996).
10Techniques using the root mean squared error to estimate the optimal λ are described in J.P. Morgan

(1996). For daily purposes, they obtain an optimal estimate for λ equal to 0.94. We examined some different
decay factors to make sure that our findings are not driven by an arbitrary choice. The results presented in
the text are robust in these respects.
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strategies. First, the option-like feature of limit orders (Copeland and Galai, 1983) implies

that posting a bid or an offer is more costly when volatility is higher. Limit order traders are

therefore less aggressive, because of the risk of being picked off by informed traders. Second,

the probability of the stock price hitting a limit price barrier increases with greater volatility

(Lo et al., 2002). Hence, assuming that investors prefer a quick expected execution time,

higher volatility should reduce order aggressiveness. Finally, risk-averse investors reward a

certain outcome (Cohen et al., 1981). Higher volatility increases the dispersion of results in

a limit order strategy and thus risk-averse investors prefer market orders.

The last mentioned effect of volatility on order aggressiveness is at odds with the previous

ones. Moreover, if we consider an equilibrium setting where the actions of some agents affect

the behavior of others (e.g., Foucault, 1999), we could possibly observe offsetting effects.

If higher volatility induces a shift to limit orders, the use of market orders in equilibrium

decreases, the probabilities of execution are therefore reduced, and the initial shift may

be partially offset. The lack of a dominant view on the relation between volatility and

order submission strategies is confirmed by the mixed results of the empirical studies in the

literature (e.g., Hasbrouck and Saar, 2002; Bae et al., 2003).

Trading Activity

We describe a stock’s trading activity using two indicators: the transacted volume and

the time between transactions. The former is obtained as the sum of the number of shares

transacted during the 20 minutes prior to each order submission. The latter is computed as

the average time in seconds between the transactions occurred in the previous 20 minutes.

The two measures capture different aspects of the trading activity. The transacted volume

takes into account the size of the trades, but ignores their timing, whereas the time between

transactions indicator focuses on the importance of time durations, overlooking quantities.

Previous studies have linked trading activity to the actions of informed traders or liquidity

traders. Informed traders can be quickly distinguished by their large volume trades (Easley

and O’Hara, 1987), or by short time durations between trades (Easley and O’Hara, 1992).
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Alternatively, volume shocks can reflect a lack of consensus among market participants

(Harris and Raviv, 1993; Shalen, 1993), or the activity of discretionary liquidity investors

trading together (Admati and Pfleiderer, 1988). Hence, the order aggressiveness response

to an increase in trading activity depends on which of these two stories is perceived to hold

true by the investor.

Furthermore, trading volume could convey information about the current price trend.

Theoretical models (e.g., Blume et al., 1994) predict a positive correlation between absolute

price changes and volume, because of the role of volume as a signal of the precision of

beliefs. This role for volume is confirmed by a number of empirical studies (e.g., Gallant

et al., 1992), besides being remarkably similar to that claimed by proponents of technical

analysis. During a stock price up-trend, an increase in trading volume should command

more aggressive buy orders and less aggressive sell orders, according to the same logic we

explained for the momentum indicator.

In summary, given the manyfold possible interpretations of a change in trading activity,

the effect on order aggressiveness is ultimately an empirical question.

Time of the day

We include dummy variables to control for potential time-of-the-day effects. We use eight

dummies for the nine intradaily subperiods defined in Table 2. We expect traders to submit

more aggressive orders when the end of the trading day approaches, as predicted by Harris

(1998).

2.3 Information-Based Trading

A crucial aspect of an investor’s order submission strategy is the degree of information

she owns with respect to other market participants. Unfortunately, we do not observe the

characteristics of an investor submitting an order in our sample. Even at a more aggregate

level, the extent of private information is not directly observable.
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We employ, however, a measure of the probability of information-based trading along the

lines of the Easley et al. (1996) model, combining trade data and order data in a structural

market microstructure model.11 This empirical technique relies on the information conveyed

by the frequency and imbalance of trades. Although conceptually simple, this approach has

been shown to obtain reasonable results in a variety of applications. A detailed description

of the model can be found in Easley et al. (1996). Here we just recall the basic features for

completeness.

Consider a trading game between a market maker and a trader, repeated over I days.

New information arrives at the beginning of the trading day with probability α and this

could be good news or bad news for the value of the underlying, with probability 1− δ and

δ, respectively. Traders arrive according to a Poisson process with intensity ε for uninformed

traders and intensity µ, just on information event days, for informed traders. Informed

agents buy if they observe good news and sell if they observe bad news. The market maker

sets prices to buy or sell, observes the trade and updates her beliefs.

The probability of information-based trading is the ratio between the estimated arrival

rate of informed trades and the estimated arrival rate of all trades:

P̂ I =
α̂µ̂

α̂µ̂ + 2ε̂
. (1)

We estimate the underlying structural parameters θ = {α, δ, µ, ε}, and thus the PI indicator,

by maximizing the following likelihood function, using a sequence of buy trades Bi and sell

11Since our paper deals with high-volume stocks, we do not use the no-trade intervals, as suggested in the
discrete time trading model developed in Easley et al. (1997a). In fact, the discrete time likelihood function
developed in that paper cannot be computed for data sets with many trades per day.
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trades Si for each day i over I days:

Li(Bi, Si|θ) = (1− α)e−ε ε
Bi

Bi!
e−ε ε

Si

Si!

+ αδe−ε ε
Bi

Bi!
e−(µ+ε)−(µ + ε)Si

Si!

+ α(1− δ)e−(µ+ε)−(µ + ε)Bi

Bi!
e−ε ε

Si

Si!
(2)

L(BI
i , S

I
i |θ) =

I∏
i=1

Li(Bi, Si|θ). (3)

The likelihood for a single trading day Li is a mixture of distributions, where trades are

weighted by the probabilities of being in a good news day, α(1− δ), a bad news day, αδ, or

a no news day, (1−α). Under the assumption of independence between days, the likelihood

L over I days is just the product of the daily likelihoods. This technique to estimate the

rate of informed and uninformed trading has been used in a series of papers by Easley et al.

(1996, 1997a, 1997b).

The likelihood function in equation (3) depends on the number of buys and sells each day

for each stock in our sample. We classify precisely the number of buyer- and seller-initiated

trades to avoid the biases induced by inaccurate trade classification of the Lee and Ready

(1991) algorithm. We match orders in the TORQ order file with trades in the TORQ audit

file, following the procedure suggested in Hasbrouck (1992) and Odders-White (2000). The

initiator of each transaction can be identified comparing order dates and times for the buy

and sell side of the transaction.

Using the number of buys and sells, we maximize the likelihood function (3) over the

structural parameters θ, for each stock separately and for different subperiods in the sample,

using a minimum of 21 trading days. The maximum likelihood estimation converges for all

the stocks, in almost all the subperiods, and we obtain economically reasonable estimates

without imposing any constraints on the parameters.12 We use the estimated probability

12The minimum of 21 days is considered to be a suitable interval for our maximum likelihood estimation,
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of information-based trading in Section 5, to isolate three environments characterized by

different degrees of asymmetric information.

3 Econometric model

3.1 The ordered probit model

The empirical analysis of order aggressiveness is conducted using an ordered probit model,

a method introduced in the market microstructure literature by Hausman et al. (1992) to

study the nature of discrete price changes.

We assume that the aggressiveness of an order, as described in Section 1.2, is the

realization of an unobserved random variable, K∗
t , defined by the following expression:

K∗
t = X ′

tβ + εt (4)

where the matrix Xt includes a set of predetermined variables that affect the conditional

mean of K∗
t and εt is conditionally normally distributed with mean zero and variance σ2

t .

The ordered probit model relates the observed aggressiveness Kt to the continuous

variable K∗
t via:

Kt = sj iff K∗
t ∈ Aj, j = 1, 2, ..., J (5)

where the Aj’s form an ordered partition of the state space of K∗
t into J disjoint intervals,

and sj’s are the discrete values comprising the state space of Kt. The probability that the

order choice takes on the value sj is equal to the probability that K∗
t falls into the appropriate

partition, Aj.

given the attained convergence of the optimization, the economic meaning of the estimates, the precise
criteria used to identify buyer- vs. seller-initiated trades, and finally the fact that the number of days affects
the estimation of just two parameters, α and δ.
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The corresponding intervals for the unobservable latent variable K∗
t are defined by:

A1 = (−∞, α1]

A2 = (α1, α2]

... (6)

AJ = (αJ−1,∞)

The partition parameters, {α1, ..., αJ−1}, are estimated jointly with the other parameters of

the model.

The conditional probability of observing a particular category depends on the location

of the conditional mean of the underlying response variable, β′x, relative to the partitions

αi. For Gaussian εt’s, the conditional probability is given by:

P (Kt ∈ Aj) =





Φ
(

α1−X′
tβ

σt

)
, j = 1

Φ
(

αj−X′
tβ

σt

)
− Φ

(
αj−1−X′

tβ

σt

)
, 1 < j < J

1− Φ
(

αJ−1−X′
tβ

σt

)
, j = J

(7)

where Φ is the normal cumulative density function. Let Yik be an indicator variable which

takes on the value one if the realization of the tth observation Kt is the j th state sj. The

likelihood function assumes the following form:

L(K|X) =
n∑

t=1

{
Y1t log Φ

(
α1 −X ′

tβ

σt

)

+
J−1∑
j=2

Yit log

[
Φ

(
αj −X ′

tβ

σt

)
− Φ

(
αj−1 −X ′

tβ

σt

)]
(8)

+ YJt log

[
1− Φ

(
αJ−1 −X ′

tβ

σt

)]}
.

The marginal effects of the regressors Xt on the outcomes’ probabilities are not equal to the

estimated coefficients β, because of the ambiguous effect on the middle partitions (Greene,

18



2000). In order to understand upon what or in what direction the effects of a change in the

explanatory variables are exerted, the marginal effects for each outcome j are computed as

follows:

∂Pr (Kt = s1)

∂Xt

= −φ (β′Xt) β for j = 1,

∂Pr (Kt = sj)

∂Xt

= [φ (−β′Xt)− φ (αj−1 − β′Xt)] β for 1 < j < J, (9)

∂Pr (Kt = sJ)

∂Xt

= φ (αJ−1 − β′Xt) β for j = J,

where φ is the normal probability density function. We calculate the marginal effect on

the choice probabilities using equation (9) on the unconditional mean of each continuous

explanatory variable and the change from 0 to 1 for each dummy variable.

We have assumed so far that all the observations are independent. A natural extension

of the model is to allow observations to be dependent within a group, even though still

independent across groups. In our setting, orders for the same stock might share similarities,

while orders for different stocks can still be independent observations. If this is the case,

the model will be misspecified and the usual standard errors will therefore be incorrect. We

address this issue by computing robust standard errors along the lines of White (1982), but

changing the random sampling with a group sampling scheme.

We just sketch the derivation here. If the likelihood function in (8) is correctly specified,

it can be shown that the estimated variance of the parameters β is asymptotically given by

-H−1, where H is the Hessian (matrix of second derivatives) of the likelihood with respect

to the parameters. However, if L() is not the true density function of Xt, the previous result

does not necessarily hold. We can start by writing a general identity for the variance of the

parameters:

V ar
(
β̂
)
≈ H

(
β̂
)−1

V ar
(
g

(
β̂
))

H
(
β̂
)−1

, (10)
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where g() is the score vector. We can plug in an empirical estimate of V ar(g(β̂)), obtaining:

V ar
(
β̂
)
≈ H

(
β̂
)−1

(
N

N − 1

N∑
j=1

gjg
′
j

)
H

(
β̂
)−1

. (11)

This is the robust variance estimator. We consider N super-observations made up of the

sum of the score vector gj for a single stock j. These super-observations are independent.

In the empirical Section, we employ the general version of the ordered probit model and

we check the results for robustness, using this last extension that accounts for potential

cross-sectional dependencies.

4 Empirical Results

In this Section, we present the results of estimating an ordered probit model separately on

the sample of buy and sell orders. In Table 3, Panel A, we present the maximum likelihood

estimates of equation (8), where we indicate the relation between order aggressiveness and

each of the explanatory variables. In Table 3, Panel B, we illustrate the marginal effects.

Bid-Ask Spread

The relation between order aggressiveness and the bid-ask spread is significantly negative

for both buy and sell orders. This evidence is robust to the consideration of a comprehensive

set of explanatory variables. Since the bid-ask spread is a measure of the cost of trading by

market orders, traders reasonably prefer to demand liquidity when the price of liquidity is

low.

An analysis of the marginal effects in Table 3, Panel B, reveals that an increase in the

bid-ask spread reduces the probability of order submissions in categories 1 and 2, whereas

the likelihood of observing less aggressive orders increases, especially for limit orders placed

at the quotes (category 4). We also notice that a change in the bid-ask spread affects buy

order aggressiveness slightly more than sell order aggressiveness.
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It seems possible that the relation between the width of the spread and order

aggressiveness is nonlinear. When the spread is particularly wide, traders may be more

likely to place orders inside the spread and less likely to place market orders or orders far

from the quotes. We allow for these potential non-linear effects by adding the square of the

spread to the explanatory variables. The results, not reported, do not change. The quadratic

term, however, has a significantly positive coefficient, suggesting that the hypothesized trader

behavior takes place to some extent.

Depth

We find that both buyers and sellers submit more aggressive orders when the depth on

the same side of the book is thicker. However, buyers and sellers have different reactions to

a change in the opposite side depth. A larger depth at the ask reduces the aggressiveness

of buy orders, in accordance with theoretical predictions. Sellers, in contrast, become more

aggressive when the liquidity supply on the other side of the book is greater. The latter

behavior is inconsistent with sellers expecting a crowding out effect on the buy side.

The asymmetry in buyers and sellers trading attitude is supported by previous empirical

evidence (e.g., Keim and Madhavan, 1995). Sellers are more impatient to trade than buyers.

Given the decision to sell, a slow execution when the market moves down can result in

a realized loss, while a slowly executed buy order when prices are going up represents an

opportunity cost. Moreover, as sellers are considered to be more liquidity-driven than buyers,

a higher liquidity supply on the buy side reduces the cost of acquiring liquidity, spurring the

use of more aggressive orders.

The marginal effects in Table 3, Panel B, show that a change in the same side depth

is the most important variable affecting order aggressiveness. In particular, increasing the

depth at the bid will substantially heighten the probability of more aggressive buy orders

and generate slightly more aggressive sell orders. An increase in the depth at the ask will

slightly reduce buy order aggressiveness and substantially increase sell order aggressiveness.
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The greater effect on aggressiveness of the same side over the opposite side depth confirms

the theoretical prediction of a stronger competition versus strategic effect.

Momentum

We find that, when the stock price moves up from its moving average (i.e., when the

stock price momentum increases), buy orders become more aggressive and sell orders less

aggressive. Traders perceive that a positive price trend reduces the probability of execution

of passive buy orders, but increases the probability of execution of sell limit orders. We

obtain the opposite result for negative price trends.

The analysis of the marginal effects in Table 3, Panel B, shows that momentum is one

of the most important variables in affecting order aggressiveness. Momentum has relatively

stronger effects on the likelihood of observing market and marketable orders (category 2)

and orders just off the best quote (category 5).

Volatility

An increase in volatility drives more passive orders, for both the buy and the sell side.

This result is consistent with our volatility measure being a proxy for information-driven

trading: when volatility rises, a limit order trader enlarges her reservation spread, because

of the risk of being picked off by an informed trader on the other side of the market. As

a result, the expected cost of market order trading increases and the submission of less

aggressive orders turns out to be the optimal strategy.

The marginal effect of a change in volatility on order aggressiveness is one of the least

important. Our interpretation is that the pick-off risk effect of volatility can be partially

offset, on one hand by the behavior of risk-averse investors, who prefer the definite outcome

of market orders, and on the other hand by equilibrium effects. In particular, if limit orders

represent short position in options, an increase in volatility causes an increase in the cost of

limit orders that can only be compensated by changing the strike price, i.e. submitting less

aggressive orders, or simply avoided by switching to market orders. Our results show that
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the first effect is likely to be prevailing.

Transacted Volume and Time between Transactions

We obtain contrasting evidence from the two variables describing trading activity. Higher

transacted volume drives more aggressive buy and less aggressive sell orders, whereas a

shorter time between transactions, i.e. a higher trading frequency, is associated with

less aggressive buy and more aggressive sell orders. These results confirm that the two

indicators measure different aspects of the trading activity. More specifically, the analysis

of the multipliers in Table 3, Panel B, reveals that the effect of transacted volume on order

aggressiveness is more relevant than the effect of time between transactions, especially on

the sell side.

The results on transacted volume are consistent with information being revealed by large

volume trades generally on the buy side: sell orders become less aggressive because of the

higher pick-off risk. An alternative sensible interpretation is the role of transacted volume

as a validation of the current price trend. Since we observe persistent rising prices for

most of the stocks in our sample period, higher transacted volumes generally confirm an

up-trend, triggering therefore more aggressive buy orders and less aggressive sell orders.

This interpretation holds even if we control for a high-frequency measure of momentum. In

fact, large volume trades may either validate a lower frequency positive price trend, or large

volumes could independently contain information about future stock returns as shown, for

example, in Gervais et al. (2001).

The results on time between transactions are consistent with liquidity-based trading

clustering on the sell side à la Admati and Pfleiderer (1988). The submission of sell market

orders decreases the time between transactions, thus generating even more aggressive sell

orders, with a further decrease in time between transactions.

23

https://www.researchgate.net/publication/5071572_The_High_Volume_Return_Premium?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=


Time of the Day

The coefficients for the time-of-the-day dummy variables confirm the preliminary

unconditional analysis in Section 1: orders become increasingly aggressive during the day,

as explained by a monotonic increment of the coefficients (results not reported).

The marginal effects, computed as a change in order aggressiveness probabilities due to

a change from 0 to 1 in the dummy, reveal that the time of the day is more important in

affecting buy order aggressiveness than sell order aggressiveness.

Robustness Checks

We provide two sets of robustness checks, both related to the model specification.

First, the empirical results could depend on our particular aggressiveness definition. For

this reason, we repeat the same analysis using five other different classifications, that merge

or split the six categories used so far, according to reasonable criteria. Three of these

aggressiveness specifications are noteworthy. First, we separate marketable limit orders from

market orders in categories 1 and 2, in light of the documented differences in execution

costs (Peterson and Sirri, 2002). All of the previous results do not change. Second, we

define five aggressiveness categories using just a price criteria, instead of the standard price-

quantity criteria. We employ, however, the ordered quantity as one of the regressors. The

relation between aggressiveness and the other variables is unchanged. Moreover, larger

ordered quantities imply less aggressive orders, both on the buy- and on the sell-side. Finally,

we study the limiting case where orders are divided in two broad categories of market and

limit orders. We observe different results just on the buy side, where the opposite side depth

coefficient is now significantly positive, while volatility and time between transactions are not

significant. Order submission strategies seem thus to be more sophisticated for buy orders

than for sell orders. For example, an increase in volatility encourages the submission of less

aggressive buy orders without affecting the mix market/limit orders, whereas on the sell side

we just observe less market orders.
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The second set of robustness checks verifies whether our empirical results are different

when the order submission strategies potential dependence within each stock is taken into

account. A straightforward approach is to use the robust ordered probit model, developed

in the last part of Section 3, where standard errors are corrected for potential dependence

between orders on the same stock. The results are generally confirmed. We just notice that

the time between transactions is not significant anymore on the sell side. We can accomplish

the same task by estimating the standard ordered probit model separately for each stock

and for each side of the market. There is not an obvious way to summarize the results and,

for less traded stocks, we could also have small sample problems. However, if we employ the

average coefficients and standard errors to evaluate significance levels, we generally confirm

the previous results. This evidence is important to alleviate concerns that the results are

driven by the stocks with the most orders.13

5 Asymmetric Information and Aggressiveness

In this Section we investigate empirically how the probability of information-based trading

affects order submission strategies. At the outset, we consider two different situations, where

we can unravel different degrees of asymmetric information. For each case, we analyze how

an investor modifies her order submission strategies. We proceed in two steps. First, we use

the model estimated in the previous Section to compute predicted levels of aggressiveness

that we then compare with actual levels of aggressiveness for each case. Second, we examine

how a higher probability of information-based trading affects the relation between order

submission strategies and the investor information set. We conclude with an analysis of the

price impact for orders in different categories of aggressiveness.

13We do not report the robustness checks results. They are available on request from the authors.
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5.1 Information-based Trading and Firm’s Transacted Volume

The literature has generally determined a negative relation between private information and

a firm’s transacted volume. For example, the theoretical model of Diamond and Verrecchia

(1991) predicts lower information asymmetry for large firms attracting larger volume of

market transactions, as they benefit in disclosing more information. The empirical results in

Brennan and Subrahmanyam (1995) support the notion that an increase in analyst coverage

leads to less asymmetric information, because of the enhanced competition between informed

agents. They document a strong positive relation between the number of analysts and the

trading volume. Easley et al. (1996) show the existence of higher information-based trading

in low volume stocks; although information events occur more rarely for these stocks, their

impact on trading is greater.

As noted before, we observe substantial cross-sectional variation in our sample, although

we consider the ten most transacted stocks of the TORQ data: the first stock, IBM,

transacts about 15 times the volume of the last stock, CL (see Table 1). In order to

support the intuition of the literature for our sample, we exploit the indicator of probability

of information-based trading described in Section 2.3. We create three groups with

homogeneous average transacted volume. The first group (IBM, MO, GE) is characterized

by about twice the average volume of the second group (XON, FNM, T, BA), and about six

times the average volume of the third group (SLB, GLX, CL). We compute a rolling PI for

each stock, that is we estimate PI on the first month of data, we then drop the first trading

day, insert the first day of the following month and recompute the PI indicator. We proceed

by adding a new day, dropping the oldest one and re-estimating PI.

Figure 1 illustrates the evolution of the average PI over time for the three groups of

stocks. We notice a stable difference in the PI of the three groups for almost two thirds of

the sample period, with the low volume group being characterized by the highest level of

asymmetric information. We also observe remarkable stability in the time series parameter
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estimates for the two larger-volume groups, adding new evidence on the short-term behavior

of PI to the evidence obtained on longer time spans (Easley et al., 2002).

We expect to observe differences in order submission strategies for the stocks where

the probability of information-based trading is higher, i.e. the stocks of group 3. Table

4 breaks down buy and sell orders in different categories of aggressiveness for each group.

We compare the empirical frequency distribution with the theoretical distribution. The

theoretical frequencies are computed as the mean of the probabilities predicted by the ordered

probit model, estimated in the previous Section, for the information set of each order in the

sub-sample. The use of a conditional methodology implies that any observed divergence with

the general case does not depend on the different information set, but indeed on different

order submission strategies. We observe that actual order submission strategies are less

aggressive than predicted for lower volume stocks and the differences between actual and

predicted strategies are all statistically significant. More specifically, traders submit sell

orders between the quotes and at the ask price (category 3 and 4) more frequently than in

the general case, while they use fewer market orders (category 2) and less limit orders far

from the quotes (category 6). This pattern is less pronounced on the buy side.

In Table 5, Panel A, we examine if asymmetric information changes the relation between

the investor’s information set and order submission strategies with respect to the general

case. We focus our analysis on the subsample where we notice greater differences in terms

of aggressiveness, i.e. sell orders for stocks of group 3. The opposite side depth and the time

between transactions have contrary effects on the submission strategies with respect to the

general case. Specifically, a thick book at the bid and a shorter time between transactions

stimulate the submission of less aggressive sell orders. The marginal effects in Panel B show

that now the relation of the opposite side depth with aggressiveness is more important.

We interpret these findings as the effect of the presence of more informed traders on the

sell side, in comparison with the standard setting. The results are consistent with informed

traders being less impatient to sell the asset with respect to liquidity traders. They may
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be willing to wait for the potential crowding out effect at the bid or they may want to

exploit the higher probability of execution induced by more frequent trades. Alternatively,

informed traders could be constrained in short-selling and therefore they could try to reduce

transaction costs through less aggressive orders.

5.2 Information-based Trading and Earnings Announcements

There is ample evidence in the literature of an increase in information asymmetry risk before

anticipated news events, such as earnings announcements. Any leakage of information prior

to an earnings announcement increases information asymmetry and, even in the absence

of leakage, the different learning time of private information by the investors can create

information advantages. For example, Lee et al. (1993) and Kavajecz (1999) show how the

depth provided by the specialists and by the limit order book is reduced before earnings

announcements, in order to minimize the cost of trading with more informed traders.

In our sample period, seven stocks release earnings figures, for which we obtain precise

dates and times from Dow Jones Business Wire.14 We compute an average PI indicator for

these stocks using trades for an interval gradually approaching the release date. The PI

indicator estimated during the month before the earnings announcement is significantly

higher than the PI estimated during the preceding month for six of the seven stocks

releasing figures.15 Furthermore, Figure 2 illustrates a pattern of increasing asymmetric

information when the computation interval starts including days that are close enough to

the announcement date. We thus confirm for our sample the evidence of higher asymmetric

information before announcements provided in the previous literature.

We select a sample of orders submitted for each of the seven stocks during the ten trading

days preceding an earnings announcement. We have an ideal setting here to infer that the

14The seven stocks announcing earnings in our sample period are the seven largest in terms of average
transacted volume: BA, FNM, GE, IBM, MO, T, XON.

15We calculate the standard error for the PI estimate using the delta method, as in Easley et al. (1996).
The results are available on request from the authors.
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buy side is the informed side of the market: prices of stocks releasing earnings increased

substantially prior to the announcement, five of the seven releases turned out to be positive

news, and the ten days time period is short enough to sensibly assume informed trading just

on one side of the market.16,17 We show in Table 6 the actual and theoretical distribution

of orders with respect to aggressiveness. Actual and predicted order submission strategies

are all statistically different at conventional confidence levels. Buyers are less aggressive

than expected: in particular, they submit more frequently the least aggressive type of order

(category 6). Sellers, in contrast, submit more market orders and less limit orders at the ask

price.18

Table 7, Panel A, shows the results of estimating the ordered probit model on the pre-

announcement period. We focus our analysis on the buy side, where informed trading

is supposed to take place and we notice greater differences in terms of aggressiveness.

Investors interpret the opposite side depth and the time between transactions variables in a

different manner with respect to the general case. The opposite side depth and the trading

frequency have now a positive relation with aggressiveness: when the liquidity supply at

the ask increases or the time between transactions decreases, buyers submit relatively more

aggressive orders. Interestingly, the variables of the information set that change in sign

before the earnings announcements are the same ones that change sign for the sell orders

submitted on stocks of group 3.

16The approach of using a performance measure to infer the informed side of the market has been used,
for example, in Chakravarty (2001), where stocks that displayed at least a 5% price increase were selected,
in order to maximize the probability of detecting private information-based trading.

17BA and MO reported bad news, i.e. the released earnings figure was lower than the analysts consensus.
We verified that our results are qualitatively the same whether we use all the seven stocks in our analysis or
just the five stocks reporting good news.

To control for potential speculative trading on the day before the earnings release, we repeat the analysis
excluding orders submitted on that day. We obtain theoretical frequencies that are not statistically different
with respect to the full pre-announcement sample and we also confirm all the other results.

18When the level of asymmetric information in the market increases, discretionary uninformed traders
delay trades to avoid the informed trader’s large informational edge, like in Admati and Pfleiderer (1988)
and Foster and Viswanathan (1990) models, or they prefer to use aggressive strategies to avoid the risk of
being picked off by informed traders (Handa and Schwartz, 1996). Under the assumption that noise traders
are equally distributed on both sides of the market and informed traders are concentrated on the buy side, we
claim that the aggressive selling strategy before a positive earning surprise is mainly driven by the behavior
of liquidity traders.
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These results lead to the following scenario. There are more informed traders on the buy

side, ready to profit from their information by aggressively taking limit orders on the sell

side. In this case, however, information will be impounded into prices within a few trading

periods. Informed traders submit therefore higher proportions of less aggressive orders, that

allow them to protect their advantage and to trade at better prices. Three considerations

can discourage this strategy. First, less aggressive orders are exposed to execution risk.

This argument could explain the increase in aggressiveness following the increase in trading

frequency as a signal of competition among informed traders. Second, higher ask depths

allow the informed traders to accumulate shares through aggressive buy orders without a

substantial impact on the price. Finally, we can expect that informed traders will not succeed

completely in hiding their information, because ultimately their profits depend also on the

quantities they manage to accumulate, and this incentive creates inevitably price pressures

and consequent information revelation and imitation. This last reasoning is supported by

the multiplier effect of transacted volume in Table 7, Panel B, that turns out to be the most

important variable in affecting order submission strategies in this sub-sample.

5.3 How does Order Aggressiveness Impact Prices?

The revelation of private information through the trading process is a major mechanism

for changes in asset prices besides the public information flow. Trades have a price impact

including both a temporary component, as a compensation for liquidity provision, and a

permanent component, reflecting any new information revealed by the trade. In this paper,

we conjecture that informed traders act strategically and use also limit orders. If this is the

case, the order book becomes informative and orders, not only trades, will have a permanent

price impact as a result of private information revelation.

An analysis of the price impact for different categories of orders can thus provide useful

insights about their information content. However, the direction of any potential bias of

ignoring the temporary price change component is difficult to specify without additional
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assumptions about its magnitude and durations. In order to capture the permanent effect

of information, we analyze the price impact of orders with different aggressiveness in the

general setting and when the probability of information-based trading is higher.

We hypothesize that more aggressive orders have a greater price impact, since they exert

an immediate mechanical effect, regardless of their information content. For example, the

submission of a buy market order for a quantity equal to the quoted depth increases the ask

price. If the order is not informed, the price should revert back to its efficient value, but

this may take an unspecified amount of time. In contrast, a buy limit order has only an

indirect effect, providing more liquidity on the bid-side and thus reducing the price impact

of subsequent sell market orders. Consistent with our conjecture, Hopman (2002) shows a

monotonic decrease of the price impact for less and less aggressive orders in an empirical

study of the Paris stock exchange. Under the joint hypothesis that informed traders use

less aggressive orders and stock price changes are mainly due to private information revealed

through the trading process, we expect to observe a weaker ordering of price impacts with

respect to aggressiveness, when the probability of information-based trading is higher. Our

tests concentrate on this empirical prediction.

The methodology relies on the same logic that inspired models on the bid-ask spread

decomposition (e.g., Madhavan et al., 1997), but we do not impose any specific structure on

the trading process and estimate price impacts for buys and sells separately. For each order,

we compute a measure of total price impact as the difference between the logarithms of the

mid-quotes after the order submission and the mid-quotes prevailing at the time of the order

submission. There are no theoretical guidelines for the choice of an appropriate horizon for

the price impact measurement. In our tests we use one hour as the benchmark horizon, but

we check for the robustness of our results at the horizons of 30, 20 and ten minutes.

As an illustration of price impacts in our sample, Figure 3 shows the 60-minute impact

of buy orders on the price of GE as a non-parametric function of the ordered quantity. In

order to ease the exposition, we aggregate the former six categories of aggressiveness in three

31

https://www.researchgate.net/publication/5216734_Why_Do_Security_Prices_Change_A_Transaction-Level_Analysis_of_NYSE_Stocks?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=


classes: high aggressiveness - market orders and marketable limit orders (former categories

1 and 2); medium aggressiveness - orders with a limit price between the bid and the ask or

on the same side best quote (former categories 3 and 4); low aggressiveness - orders placed

outside the best quotes (former categories 5 and 6). As expected, the most aggressive orders

have the greatest price impact for a given size. We obtain similar relations for the other

stocks in our sample.

We use a non-parametric Wilcoxon statistic to test whether the price impact of orders

in an aggressive category is significantly larger than the price impact of orders in a less

aggressive category.19 We sort out orders in three size classes - small, medium and large

- using the same quantity thresholds used in Barclay and Warner (1993). We do not

attempt to disentangle the temporary and the permanent components of the price impact,

but we compare the results for the general case with the results for sub-samples with higher

probability of information-based trading. We argue that any difference is due to the order

submission strategies of informed traders.

Table 8 illustrates the results for medium sized orders sorted out in three categories of

aggressiveness.20 We report the ratio between the mean price impact for the row category

and the mean price impact for the column category and we test for significant differences.

In Panel A, we compare the price impact of buy orders submitted during the month of

November with the price impact of buy orders submitted during the 20 trading days preceding

the earnings announcement for five stocks releasing higher figures than expected.21 The

19Since the price impact of an order is a non-linear function of the ordered quantity and the observations are
overlapped and not independent, it would be problematic to estimate classical parametric models. However,
we complemented our analysis with a non-linear regression of the price impact on the ordered quantities and
on dummies for the aggressiveness categories. The results are qualitatively the same and are available on
request from the authors.

20Barclay and Warner (1993) support the stealth-trading hypothesis showing that the medium size orders
have the greatest information content. Since our purpose is to describe the behavior of informed traders, we
show the results for this size-category.

21In the current analysis we employ 20 days of orders before earnings announcements, whereas in the
analysis of Section 5.2 we used 10 days. The longer length chosen here is necessary to have enough
observations in each aggressiveness and size category for the non-parametric tests and to have a fair
comparison with the month of November. Furthermore, any bias would make our results more conservative,
since we are likely to include days with a lower probability of information-based trading.
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pattern of decreasing price impacts for less aggressive orders is well documented in November,

with highly significant differences for all the five stocks. However, when the probability of

information-based trading is higher, this pattern does not hold anymore. For example, buy

orders placed at the bid or between the quotes for FNM, GE and IBM now have a larger

impact on prices than market orders or marketable limit orders. The least aggressive buy

limit orders placed below the bid have a larger impact than orders between the quotes for

GE and XON. We argue that the order submission strategies of informed traders determine

the greater relative price impact of less aggressive orders, in the same spirit of the stealth

trading hypothesis of Barclay and Warner (1993).

Panel B of Table 8 presents similar results by comparing sell orders for large and

comparatively smaller stocks. The most aggressive sell orders have always a significantly

larger negative impact than the less aggressive ones on the prices of GE, IBM and MO. In

contrast, this relation is not significant for CL and GLX, and it is even reversed for SLB, for

which sell orders between the quotes have larger negative price impacts than market orders.

We argue again that the different pattern of price impacts and aggressiveness is determined

by less aggressive order submission strategies of informed traders.

6 Conclusions

In this paper we investigate the order submission strategies of investors on the NYSE. We

find that a number of microstructure-related variables and stock market-related variables

representing the investor’s information set are significantly affecting the decision to submit

an aggressive versus a passive order. In particular, the depth at the same side of the book

and a momentum indicator are the most important determinants of the order choice.

When we examine situations of higher probability of information-based trading, we

discover a strategic behavior of informed traders in timing their order arrivals. Rather than

exploiting their private information right away by aggressively taking limit orders on the
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opposite side, we find evidence of informed traders trying to hide their information through

the submission of passive limit orders. The process of price adjustment can change the

value of their private information, and is therefore closely monitored by informed traders.

This conjecture is supported by a different relation between aggressiveness and some of the

variables defining the investor’s information set when the probability of information-based

trading is higher. Specifically, the opposite side depth and the time between transactions have

contrary effects with respect to the general case. The main consequence of these findings is

that the order flow conveys information regarding subsequent price movements. An analysis

of the price impact of orders with different levels of aggressiveness supports our conjecture.

Our study suggests interesting directions for future research. Given the role of the order

flow in the mechanism of price formation, it could be interesting to measure in what respects

order submission strategies and asymmetric information are related in different institutional

settings or market designs. In particular, researchers are looking at how recent changes in

the minimum price variation might impact order submissions (e.g., Bacidore et al., 2003).

These changes offer an opportunity to gain further insights into informed trader strategies,

by comparing the results from different regimes. Moreover, the recent introduction of NYSE

OpenBook, where traders can also have information about prices and depths in the remainder

of the limit order book, could stimulate similar research topics.

34



References

Admati, A.R., and P. Pfleiderer, 1988, “A theory of intraday patterns: Volume and price
variability,” Review of Financial Studies, 1, 3–40.

Andersen, T.G., and T. Bollerslev, 1997, “Heterogeneous Information Arrivals and Return
Volatility Dynamics: Uncovering the Long-Run in High Frequency Returns,” Journal of
Finance, 52, 975–1005.

Bacidore, J.M., R.H. Battalio, and R.H. Jennings, 2003, “Order Submission Strategies,
Liquidity Supply, and Trading in Pennies on the New York Stock Exchange,” forthcoming
in Journal of Financial Markets.

Bae, K., H. Jang, and K. Park, 2003, “Traders’ Choice between Limit and Market Orders:
Evidence from NYSE Stocks,” forthcoming in Journal of Financial Markets.

Barclay, M. J., and J. B., Warner, 1993, “Stealth trading and volatility: Which trades move
prices?,” Journal of Financial Economics, 34, 281–305.

Biais, B., P. Hillion, and C. Spatt, 1995, “An empirical analysis of the limit-order book and
the order flow in the Paris Bourse,” Journal of Finance, 50, 1655–1689.

Bloomfield, R., M. O’Hara, and G. Saar, 2003, “The “Make or Take” Decision in an
Electronic Market: Evidence on the Evolution of Liquidity,” working paper, Cornell
University.

Blume, L., D. Easley, and M. O’Hara, 1994, “Market Statistics and Technical Analysis: The
Role of Volume,” Journal of Finance, 49, 153–181.

Blume, M. E., and M. A. Goldstein, 1992, “Displayed and Effective Spreads by Market,”
Working Paper 27-92, Rodney L. White Center, The Wharton School.

Blume, M. E., and M. A. Goldstein, 1997, “Quotes, Order Flow, and Price Discovery,”
Journal of Finance, 52, 221–244.

Brennan, M. J., and A. Subrahmanyam, 1995, “Investment analysis and price formation in
securities markets,” Journal of Financial Economics, 38, 361–381.

Cao, C., O. Hansch, and X. Wang, 2003, “The Informational Content of an Open Limit
Order Book,” Working Paper, Penn State University.

Chakravarty, S., 2001, “Stealth-trading: Which traders’ trades move stock prices?,” Journal
of Financial Economics, 61, 289–307.

Chung, K., B. Van Ness, and B. Van Ness, 1999, “Limit orders and the bid-ask spread,”
Journal of Financial Economics, 53, 255–287.

Cohen, K., S. Maier, R. Schwartz, R., and D. Whitcomb, 1981, “Transaction costs, order
placement strategy and the existence of the bid-ask spread,” Journal of Political Economy,
89, 287–305.

35

https://www.researchgate.net/publication/222660636_Traders'_choice_between_limit_and_market_orders_Evidence_from_NYSE_stocks?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/222660636_Traders'_choice_between_limit_and_market_orders_Evidence_from_NYSE_stocks?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4912912_Heterogeneous_Information_Arrivals_and_Return_Volatility_Dynamics_Uncovering_the_Long-Run_in_High_Frequency_Returns?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4912912_Heterogeneous_Information_Arrivals_and_Return_Volatility_Dynamics_Uncovering_the_Long-Run_in_High_Frequency_Returns?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4912912_Heterogeneous_Information_Arrivals_and_Return_Volatility_Dynamics_Uncovering_the_Long-Run_in_High_Frequency_Returns?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4764399_Order_submission_strategies_liquidity_supply_and_trading_in_pennies_on_the_New_York_Stock_Exchange?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4764399_Order_submission_strategies_liquidity_supply_and_trading_in_pennies_on_the_New_York_Stock_Exchange?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4764399_Order_submission_strategies_liquidity_supply_and_trading_in_pennies_on_the_New_York_Stock_Exchange?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/222545604_Stealth_Trading_Which_Traders'_Trades_Move_Stock_Prices?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/222545604_Stealth_Trading_Which_Traders'_Trades_Move_Stock_Prices?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/222499303_Investment_Analysis_and_Price_Formation_in_Securities_Markets?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/222499303_Investment_Analysis_and_Price_Formation_in_Securities_Markets?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/245948502_Displayed_and_effective_spreads?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/245948502_Displayed_and_effective_spreads?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4768553_An_Empirical_Analysis_of_The_Limit_Order_Book_and_the_Order_Flow_in_the_Paris_Bourse?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4768553_An_Empirical_Analysis_of_The_Limit_Order_Book_and_the_Order_Flow_in_the_Paris_Bourse?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4992336_Market_Statistics_and_Technical_Analysis_The_Role_of_Volume?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4992336_Market_Statistics_and_Technical_Analysis_The_Role_of_Volume?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/5071784_Quotes_Order_Flow_and_Price_Discovery?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/5071784_Quotes_Order_Flow_and_Price_Discovery?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/228260159_The_Informational_Content_of_an_Open_Limit_Order_Book?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/228260159_The_Informational_Content_of_an_Open_Limit_Order_Book?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/276460769_A_Theory_of_Intraday_Patterns_Volume_and_Price_Variability?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/276460769_A_Theory_of_Intraday_Patterns_Volume_and_Price_Variability?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/277505193_Transaction_Costs_Order_Placement_Strategy_and_Existence_of_the_Bid-Ask_Spread?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/277505193_Transaction_Costs_Order_Placement_Strategy_and_Existence_of_the_Bid-Ask_Spread?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/277505193_Transaction_Costs_Order_Placement_Strategy_and_Existence_of_the_Bid-Ask_Spread?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/222518154_1_The_Make_or_Take_Decision_in_an_Electronic_Market_Evidence_on_the_Evolution_of_Liquidity?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/222518154_1_The_Make_or_Take_Decision_in_an_Electronic_Market_Evidence_on_the_Evolution_of_Liquidity?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/222518154_1_The_Make_or_Take_Decision_in_an_Electronic_Market_Evidence_on_the_Evolution_of_Liquidity?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=


Copeland, T., and D., Galai, 1983, “Information effects and the bid-ask spread,” Journal of
Finance, 38, 1457–1469.

Diamond, D.W., and R.E. Verrecchia, 1991, “Disclosure, Liquidity, and the Cost of Capital,”
Journal of Finance, 46, 1325–1359.

Easley, D., N.M. Kiefer, M. O’Hara, and J., Paperman, 1996, “Liquidity, Information and
Infrequently Traded Stocks,” Journal of Finance, 51, 1405–1437.

Easley, D., N.M. Kiefer, and M. O’Hara, 1997a, “One day in the life of a very common
stock,” Review of Financial Studies, 10, 805–835.

Easley, D., N.M. Kiefer, and M. O’Hara, 1997b, “The information content of the trading
process,” Journal of Empirical Finance, 4, 159–186.

Easley, D., S. Hvidkjaer, and M. OHara, 2002, “Is Information Risk a Determinant of Asset
Returns?,” Journal of Finance, 57, 2185–2221.

Easley, D., and M. O’Hara, 1987, “Price, trade size, and information in securities markets,”
Journal of Financial Economics, 19, 69–90.

Easley, D., and M. O’Hara, 1992, “Time and the process of security price adjustment,”
Journal of Finance, 47, 577–605.

Ellul, A., C.W. Holden, P. Jain, and R. Jennings, 2003, “Determinants of Order Choice on
the New York Stock Exchange”, Working Paper, Indiana University.

Foster, F.D., and Viswanathan, S., 1990, “A Theory of Interday Variations in Volumes,
Variances and Trading Costs in Securities Markets,” Review of Financial Studies 3, 593–
624.

Foucault, T., 1999, “Order flow composition and trading costs in a dynamic limit order
market,” Journal of Financial Markets, 2, 99–134.

Gallant, A.R., P.E. Rossi, and G. Tauchen, 1992, “Stock Prices and Volume,” Review of
Financial Studies 5, 199–242.

Gervais, S., R. Kaniel, and D. Mingelgrin, 2001, “The High-Volume Return Premium,”
Journal of Finance 56, 877–919.

Glosten, L. R., 1994, “Is the Electronic Open Limit Order Book Inevitable?,” Journal of
Finance 49, 1127–1161.

Glosten, L. R., and P. R. Milgrom, 1985, “Bid, Ask and Transaction Prices in a Specialist
Market with Heterogeneously Informed Traders,” Journal of Financial Economics, 14,
71–100.

Goldstein, M. A. and K. A. Kavajecz, 2000, “Eighths, Sixteenths and Market Depth:
Changes in Tick Size and Liquidity Provision on the NYSE,” Journal of Financial
Economics, 56, 125–149.

36

https://www.researchgate.net/publication/5071453_Eighths_sixteenths_and_market_depth_Changes_in_tick_size_and_liquidity_provision_on_the_NYSE?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/5071453_Eighths_sixteenths_and_market_depth_Changes_in_tick_size_and_liquidity_provision_on_the_NYSE?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/5071453_Eighths_sixteenths_and_market_depth_Changes_in_tick_size_and_liquidity_provision_on_the_NYSE?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/228851563_Determinants_of_order_choice_on_the_New_York_Stock_Exchange?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/228851563_Determinants_of_order_choice_on_the_New_York_Stock_Exchange?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/223655590_The_Information_Content_of_the_Trading_Process?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/223655590_The_Information_Content_of_the_Trading_Process?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/5216731_One_Day_in_the_Life_of_a_Very_Common_Stock?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/5216731_One_Day_in_the_Life_of_a_Very_Common_Stock?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/5217283_Stock_Prices_and_Volume?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/5217283_Stock_Prices_and_Volume?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/256557340_Price_trade_size_and_information_in_securities_markets?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/256557340_Price_trade_size_and_information_in_securities_markets?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4769209_Is_Information_Risk_A_Determinant_of_Asset_Returns?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4769209_Is_Information_Risk_A_Determinant_of_Asset_Returns?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/222462417_Bid_Ask_and_Transaction_Prices_in_a_Specialist_Market_With_Heterogeneously_Informed_Traders?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/222462417_Bid_Ask_and_Transaction_Prices_in_a_Specialist_Market_With_Heterogeneously_Informed_Traders?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/222462417_Bid_Ask_and_Transaction_Prices_in_a_Specialist_Market_With_Heterogeneously_Informed_Traders?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4768434_Is_the_Electronic_Open_Limit_Order_Book_Inevitable?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4768434_Is_the_Electronic_Open_Limit_Order_Book_Inevitable?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4768180_Time_and_the_Process_of_Security_Price_Adjustment?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4768180_Time_and_the_Process_of_Security_Price_Adjustment?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/5071572_The_High_Volume_Return_Premium?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/5071572_The_High_Volume_Return_Premium?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/246703477_Disclosure_Liquidity_and_the_Cost_of_Capital?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/246703477_Disclosure_Liquidity_and_the_Cost_of_Capital?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4750938_Order_Flow_Composition_and_Trading_Costs_in_Dynamic_Limit_Order_Markets?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4750938_Order_Flow_Composition_and_Trading_Costs_in_Dynamic_Limit_Order_Markets?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=


Goldstein, M. A. and K. A. Kavajecz, 2004, “Trading strategies during circuit beakers and
extreme market movements,” Journal of Financial Markets, 7, 301–333.

Greene, W.H., 2000, Econometric Analysis, Prentice Hall, Upper Saddle River, New Jersey.

Griffiths, M., B. Smith, D. Turnbull and R. White, 2000, “The Costs and the Determinants
of Order Aggressiveness,”Journal of Financial Economics, 56, 65–88.

Handa, P., and R. A. Schwartz 1996, “Limit Order Trading,” Journal of Finance, 51, 1835–
1861.

Harris, L., 1998, “Optimal dynamic order submission strategies in some stylized trading
problems,” Financial Markets, Institutions, Instruments 7, 1–76.

Harris, L. and J. Hasbrouck, 1996, “Market vs. limit orders: the SuperDOT evidence on
order submission strategy, ”Journal of Financial and Quantitative Analysis, 31, 213–231.

Harris, M. and A. Raviv, 1993, “Differences of opinion make a horse race,” Review of
Financial Studies, 6, 473–506.

Hasbrouck, J., 1991, “Measuring the information content of stock trade,” Journal of Finance,
46, 179–207.

Hasbrouck, J., 1992, Using the TORQ database, Working paper 92–05, NYSE.

Hasbrouck, J., 1995, “One Security, many Markets: Determinig the Contributions to Price
Discovery,” Journal of Finance, 50, 1175–1190.

Hasbrouck, J., and G. Saar, 2002, “Limit Orders and Volatility in a Hybrid Market: The
Island ECN,” Manuscript.

Hausman, J., A. Lo , and A.C. MacKinlay, 1992, “An ordered probit analysis of transaction
stock prices,” Journal of Financial Economics, 31, 319–379.

Hopman, C., 2002, “Are Supply and Demand Driving Stock Prices?,” Working Paper, MIT.

J.P. Morgan, Reuters, 1996, Riskmetrics - Technical Document.

Kaniel, R., and H., Liu, 2002, “So What Orders Do Informed Traders Use?,” Working Paper,
University of Texas at Austin.

Kavajecz, K. A., 1999, “A Specialist’s Quoted Depth and the Limit Order Book,” Journal
of Finance , 54, 747–771.

Keim, D., and A. Madhavan, 1995, “Anatomy of the Trading Process: Empirical Evidence
on the Behavior of Institutional Traders,” Journal of Financial Economics, 37, 371–398.

Lee, C.M.C., B. Mucklow and M. Ready, 1993, “Spreads, Depths, and the Impact of Earnings
Information: An Intraday Analysis,” Review of Financial Studies, 6, 345–374.

37

https://www.researchgate.net/publication/24103582_What_Orders_do_Informed_Traders_Use?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/24103582_What_Orders_do_Informed_Traders_Use?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/5217314_Spreads_Depths_and_the_Impact_of_Earnings_Information_An_Intraday_Analysis?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/5217314_Spreads_Depths_and_the_Impact_of_Earnings_Information_An_Intraday_Analysis?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4978204_Anatomy_of_the_Trading_Process_Empirical_Evidence_on_the_Behavior_of_Institutional_Traders?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4978204_Anatomy_of_the_Trading_Process_Empirical_Evidence_on_the_Behavior_of_Institutional_Traders?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/223479861_The_Costs_and_Determinants_of_Order_Aggressiveness?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/223479861_The_Costs_and_Determinants_of_Order_Aggressiveness?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/227614341_Optimal_Dynamic_Order_Submission_Strategies_in_Some_Stylized_Trading_Problems?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/227614341_Optimal_Dynamic_Order_Submission_Strategies_in_Some_Stylized_Trading_Problems?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/227406313_Market_vs_Limit_Orders_The_SuperDOT_Evidence_on_Order_Submission_Strategy?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/227406313_Market_vs_Limit_Orders_The_SuperDOT_Evidence_on_Order_Submission_Strategy?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/243766338_Using_the_TORQ_database?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/5217318_Differences_of_Opinion_Make_A_Horse_Race?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/5217318_Differences_of_Opinion_Make_A_Horse_Race?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4768064_Measuring_Information_Content_of_Stock_Trades?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4768064_Measuring_Information_Content_of_Stock_Trades?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4992380_One_Security_Many_Markets_Determining_the_Contributions_to_Price_Discovery?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4992380_One_Security_Many_Markets_Determining_the_Contributions_to_Price_Discovery?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/228140725_Limit_Orders_and_Volatility_in_a_Hybrid_Market_The_Island_ECN?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/228140725_Limit_Orders_and_Volatility_in_a_Hybrid_Market_The_Island_ECN?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4978119_An_Ordered_Probit_Analysis_of_Transaction_Stock_Prices?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4978119_An_Ordered_Probit_Analysis_of_Transaction_Stock_Prices?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/5071183_A_Specialist's_Quoted_Depth_and_the_Limit_Order_Book?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/5071183_A_Specialist's_Quoted_Depth_and_the_Limit_Order_Book?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=


Lee, C.M.C., and M. Ready, 1991, “Inferring trade directions from intraday data,” Journal
of Finance, 46, 733–746.

Lo, A., A.C. MacKinlay, and J. Zhang, 2002, “Econometric models of limit order executions,”
Journal of Financial Economics, 65, 31–71.

Madhavan, A., Richardson, M., and M. Roomans, 1997, “Why Do Security Prices Change?
A Transaction Level Analysis of NYSE Stocks,” Review of Financial Studies, 10, 1035–
1064.

McInish, T.H., and R., Wood, 1995, “Hidden Limit Orders on the NYSE,” Journal of
Portfolio Management, 21, 19–26.

Odders-White, E. R., 2000, “On the Occurrence and Consequences of Inaccurate Trade
Classification,” Journal of Financial Markets, 3, 259–286.

Parlour, C., 1998, “Price dynamics in limit order markets,” Review of Financial Studies, 11,
789–816.

Peterson, M.A., and E.R. Sirri, 2002, “Order Submission Strategy and the Curious Case of
Marketable Limit Orders,” Journal of Financial and Quantitative Analysis, 37, 221–241.

Ranaldo, A., 2003, “Order Aggressiveness in Limit Order Book Markets,” forthcoming in
Journal of Financial Markets.

Ready, M. J., 1999, “The Specialist’s Discretion: Stopped Orders and Price Improvement,”
Review of Financial Studies 12, 1075–1112.

Rock, K., 1996 , The specialist’s order book and price anomalies, Working paper, Harvard
University.

Seppi, D., 1997, “Liquidity Provision with Limit Orders and a Strategic Specialist,” Review
of Financial Studies 10, 103–150.

Shalen, C., 1993, “Volume, volatility, and the dispersion of beliefs,” Review of Financial
Studies, 6, 405–434.

Subrahmanyam, A., 1994, “Circuit breakers and market volatility: a theoretical perspective,”
Journal of Finance, 49, 237–254.

White, H., 1982, “Maximum Likelihood Estimation of Misspecified Models,” Econometrica,
50, 1–25.

38

https://www.researchgate.net/publication/2400612_Econometric_Models_of_Limit-Order_Executions?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/2400612_Econometric_Models_of_Limit-Order_Executions?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/222431734_Order_Aggressiveness_in_Limit_Order_Book_Markets?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/222431734_Order_Aggressiveness_in_Limit_Order_Book_Markets?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4912576_Inferring_Trade_Direction_from_Intra-Day_Data?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4912576_Inferring_Trade_Direction_from_Intra-Day_Data?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/240315396_Hidden_limit_orders_on_the_NYSE?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/240315396_Hidden_limit_orders_on_the_NYSE?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/5217316_Volume_Volatility_and_the_Dispersion_of_Beliefs?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/5217316_Volume_Volatility_and_the_Dispersion_of_Beliefs?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/248019225_The_Specialist''s_Order_Book_and_Price_Anomalies?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/248019225_The_Specialist''s_Order_Book_and_Price_Anomalies?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/46309391_Order_Submission_Strategy_and_the_Curious_Case_of_Marketable_Limit_Orders?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/46309391_Order_Submission_Strategy_and_the_Curious_Case_of_Marketable_Limit_Orders?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/222669865_On_the_Occurrence_and_Consequences_of_Inaccurate_Trade_Classification?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/222669865_On_the_Occurrence_and_Consequences_of_Inaccurate_Trade_Classification?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4768387_Circuit_Breakers_and_Market_Volatility_A_Theoretical_Perspective?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4768387_Circuit_Breakers_and_Market_Volatility_A_Theoretical_Perspective?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/5216804_The_Specialist's_Discretion_Stopped_Orders_and_Price_Improvement?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/5216804_The_Specialist's_Discretion_Stopped_Orders_and_Price_Improvement?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/5216709_Liquidity_Provision_with_Limit_Orders_and_a_Strategic_Specialist?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/5216709_Liquidity_Provision_with_Limit_Orders_and_a_Strategic_Specialist?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/5216768_Price_Dynamics_in_Limit_Order_Markets?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/5216768_Price_Dynamics_in_Limit_Order_Markets?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/5216734_Why_Do_Security_Prices_Change_A_Transaction-Level_Analysis_of_NYSE_Stocks?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/5216734_Why_Do_Security_Prices_Change_A_Transaction-Level_Analysis_of_NYSE_Stocks?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/5216734_Why_Do_Security_Prices_Change_A_Transaction-Level_Analysis_of_NYSE_Stocks?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4895258_Maximum_Likelihood_Estimation_of_Miss-Specified_Models?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=
https://www.researchgate.net/publication/4895258_Maximum_Likelihood_Estimation_of_Miss-Specified_Models?el=1_x_8&enrichId=rgreq-6583e545987bed4cf4faf4ec29e2b99f-XXX&enrichSource=Y292ZXJQYWdlOzUwMjE1NDI7QVM6MTAzMzk4MjUwNjQ3NTYwQDE0MDE2NjM0NzI3NjM=


T
a
b
le

1
:

S
a
m

p
le

S
to

ck
s

F
e
a
tu

re
s

T
hi

s
ta

bl
e

pr
es

en
ts

su
m

m
ar

y
st

at
is

ti
cs

fo
r

th
e

te
n

st
oc

ks
in

ou
r

sa
m

pl
e.

P
ri

ce
is

th
e

cl
os

in
g

pr
ic

e
on

N
ov

em
be

r
1,

19
90

.
C

ap
it
al

is
th

e
m

ar
ke

t
ca

pi
ta

liz
at

io
n

on
N

ov
em

be
r

1,
19

90
(i

n
m

ill
io

ns
).

V
ol

um
e

is
th

e
av

er
ag

e
va

lu
e

of
tr

an
sa

ct
io

n
vo

lu
m

e
du

ri
ng

th
e

pe
ri

od
un

de
r

co
ns

id
er

at
io

n
(N

ov
em

be
r

1,
19

90
–J

an
ua

ry
31

,
19

91
)

(i
n

m
ill

io
ns

).
L
im

it
an

d
m

ar
ke

t
or

de
rs

do
no

t
ad

d
up

to
th

e
to

ta
l
nu

m
be

r
of

or
de

rs
,
be

ca
us

e
th

e
la

tt
er

in
cl

ud
es

ca
nc

el
la

ti
on

s,
ti

ck
-s

en
si

ti
ve

an
d

st
op

or
de

rs
.

C
om

pa
ny

Sy
m

bo
l

P
ri

ce
C

ap
it

al
V

ol
um

e
N

.
of

or
de

rs
M

ar
ke

t
or

de
rs

L
im

it
or

de
rs

B
oe

in
g

B
A

44
.2

50
15

,3
33

1,
06

5,
88

0
52

,5
43

12
.0

6%
22

,1
07

42
.0

7%
22

,5
36

42
.8

9%
C

ol
ga

te
P
al

m
ol

iv
e

C
o

C
L

66
.7

50
4,

41
9

28
2,

36
7

11
,0

63
2.

54
%

3,
76

3
34

.0
1%

4,
22

1
38

.1
5%

Fe
de

ra
l
N

at
io

na
l
M

or
tg

ag
e

A
ss

n
F
N

M
28

.3
75

6,
77

9
1,

07
4,

77
0

30
,0

09
6.

89
%

8,
21

9
27

.3
9%

16
,7

54
55

.8
3%

G
en

er
al

E
le

tr
ic

C
o

G
E

52
.3

75
46

,5
41

1,
94

1,
73

0
62

,4
83

14
.3

5%
25

,3
29

40
.5

4%
25

,0
05

40
.0

2%
G

la
xo

H
ol

di
ng

s
P

lc
G

L
X

29
.0

00
2,

85
9

50
7,

83
5

23
,5

93
5.

42
%

9,
56

8
40

.5
5%

11
,7

08
49

.6
2%

In
te

rn
at

io
na

l
B

us
in

es
s

M
ac

hs
C

or
p

IB
M

10
7.

25
0

61
,4

38
4,

22
3,

16
0

67
,5

21
15

.5
0%

28
,3

02
41

.9
2%

25
,4

75
37

.7
3%

P
hi

lip
M

or
ri

s
C

os
In

c
M

O
47

.8
75

44
,2

56
2,

04
8,

72
0

65
,7

88
15

.1
1%

31
,4

22
47

.7
6%

23
,0

42
35

.0
2%

Sc
hl

um
be

rg
er

L
td

SL
B

57
.3

75
13

,6
36

65
0,

49
3

18
,2

17
4.

18
%

7,
74

8
42

.5
3%

6,
81

6
37

.4
2%

A
m

er
ic

an
T
el

ep
ho

ne
&

T
el

eg
T

34
.7

50
37

,8
45

1,
10

6,
15

0
68

,9
57

15
.8

3%
33

,8
82

49
.1

3%
25

,6
96

37
.2

6%
E

xx
on

C
or

p
X

O
N

49
.7

50
62

,0
42

1,
10

9,
16

0
35

,3
39

8.
11

%
17

,6
07

49
.8

2%
10

,2
51

29
.0

1%

43
5,

51
3

10
0.

00
%

18
7,

94
7

43
.1

6%
17

1,
50

4
39

.3
8%

39



T
a
b
le

2
:

In
tr

a
d
a
il
y

P
a
tt

e
rn

o
f
A

g
g
re

ss
iv

e
n
e
ss

T
hi

s
ta

bl
e

pr
es

en
ts

th
e

nu
m

be
r

an
d

re
la

ti
ve

fr
eq

ue
nc

y
of

or
de

rs
re

gi
st

er
ed

in
ou

r
sa

m
pl

e
pe

ri
od

fo
r

ea
ch

of
th

e
si

x
ca

te
go

ri
es

of
ag

gr
es

si
ve

ne
ss

(a
gg

r)
.

C
at

.
1

in
cl

ud
es

bu
y

(s
el

l)
m

ar
ke

t
or

de
rs

an
d

bu
y

(s
el

l)
lim

it
or

de
rs

fo
r

a
pr

ic
e

gr
ea

te
r

(l
es

s)
or

eq
ua

l
to

th
e

be
st

as
k

(b
id

),
an

d
si

ze
la

rg
er

th
an

th
e

qu
ot

ed
de

pt
h.

C
at

.
2

in
cl

ud
es

bu
y

(s
el

l)
m

ar
ke

t
or

de
rs

an
d

bu
y

(s
el

l)
lim

it
or

de
rs

fo
r

a
pr

ic
e

gr
ea

te
r

(l
es

s)
or

eq
ua

l
to

th
e

as
k

(b
id

).
C

at
.

3,
4,

5
an

d
6

in
cl

ud
e

bu
y

(s
el

l)
lim

it
or

de
rs

pr
ic

ed
be

tw
ee

n
th

e
bi

d
an

d
th

e
as

k,
at

th
e

bi
d

(a
sk

),
up

to
fo

ur
ti

ck
s

fr
om

th
e

be
st

qu
ot

e,
an

d
m

or
e

th
an

fo
ur

ti
ck

s
fr

om
th

e
be

st
qu

ot
e,

re
sp

ec
ti

ve
ly

.

B
u
y

si
d
e T
O

T
A

L
9:

30
-1

0:
00

10
:0

0-
11

:0
0

11
:0

0-
12

:0
0

12
:0

0-
13

:0
0

13
:0

0-
14

:0
0

14
:0

0-
15

:0
0

15
:0

0-
15

:3
0

15
:3

0-
15

:4
5

15
:4

5-
16

:0
0

ag
gr

N
.

%
N

.
%

N
.

%
N

.
%

N
.

%
N

.
%

N
.

%
N

.
%

N
.

%
N

.
%

1
1,

99
6

1.
08

28
0

1.
45

28
3

0.
83

30
7

0.
99

27
1

1.
13

19
5

0.
93

24
6

0.
99

17
5

1.
21

11
1

1.
44

12
8

1.
57

2
11

1,
61

6
60

.4
8

11
,0

12
56

.8
5

19
,6

55
57

.6
5

18
,9

29
61

.2
4

14
,5

15
60

.7
1

12
,8

35
61

.2
9

15
,4

40
61

.8
3

9,
15

8
63

.0
7

4,
86

1
63

.1
3

5,
21

1
64

.1
2

3
11

,1
45

6.
04

1,
20

7
6.

23
1,

97
7

5.
80

1,
80

5
5.

84
1,

43
8

6.
01

1,
30

3
6.

22
1,

52
7

6.
11

89
7

6.
18

50
0

6.
49

49
1

6.
04

4
32

,1
53

17
.4

2
3,

32
8

17
.1

8
6,

41
0

18
.8

0
5,

23
5

16
.9

4
4,

17
0

17
.4

4
3,

67
6

17
.5

5
4,

34
9

17
.4

1
2,

48
2

17
.0

9
1,

24
5

16
.1

7
1,

25
8

15
.4

8
5

14
,5

96
7.

91
2,

00
7

10
.3

6
3,

21
0

9.
42

2,
32

1
7.

51
1,

79
0

7.
49

1,
48

4
7.

09
1,

74
9

7.
00

94
4

6.
50

52
5

6.
82

56
6

6.
96

6
13

,0
34

7.
06

1,
53

5
7.

93
2,

55
9

7.
51

2,
31

1
7.

48
1,

72
5

7.
21

1,
44

7
6.

91
1,

66
2

6.
66

86
4

5.
95

45
8

5.
95

47
3

5.
82

18
45

40
10

0
19

36
9

10
0

34
09

4
10

0
30

90
8

10
0

23
90

9
10

0
20

94
0

10
0

24
97

3
10

0
14

52
0

10
0

77
00

10
0

81
27

10
0

S
el

l
si

d
e T

O
T
A

L
9:

30
-1

0:
00

10
:0

0-
11

:0
0

11
:0

0-
12

:0
0

12
:0

0-
13

:0
0

13
:0

0-
14

:0
0

14
:0

0-
15

:0
0

15
:0

0-
15

:3
0

15
:3

0-
15

:4
5

15
:4

5-
16

:0
0

ag
gr

N
.

%
N

.
%

N
.

%
N

.
%

N
.

%
N

.
%

N
.

%
N

.
%

N
.

%
N

.
%

1
1,

66
9

1.
00

19
3

1.
15

24
9

0.
79

19
8

0.
72

16
7

0.
80

22
2

1.
18

31
9

1.
37

14
1

1.
13

10
3

1.
41

77
1.

00
2

10
1,

90
4

61
.3

4
9,

71
4

57
.8

3
18

,9
45

60
.2

3
16

,9
64

61
.7

8
12

,6
08

60
.6

2
11

,5
12

61
.2

8
14

,6
73

63
.0

8
7,

99
9

63
.8

2
4,

51
8

61
.8

1
4,

97
1

64
.3

0
3

9,
28

0
5.

59
1,

03
1

6.
14

1,
63

7
5.

20
1,

46
5

5.
34

1,
14

9
5.

52
10

99
5.

85
1,

35
4

5.
82

71
2

5.
68

43
8

5.
99

39
5

5.
11

4
30

,3
75

18
.2

8
2,

99
2

17
.8

1
5,

75
2

18
.2

9
4,

94
8

18
.0

2
4,

05
1

19
.4

8
3,

57
6

19
.0

4
4,

14
7

17
.8

3
2,

26
5

18
.0

7
1,

32
4

18
.1

1
1,

32
0

17
.0

7
5

15
,1

10
9.

10
1,

84
6

10
.9

9
3,

15
5

10
.0

3
2,

48
1

9.
04

1,
84

2
8.

86
1,

57
2

8.
37

1,
87

1
8.

04
98

2
7.

84
64

5
8.

82
71

6
9.

26
6

7,
79

0
4.

69
1,

02
1

6.
08

1,
71

9
5.

46
1,

40
1

5.
10

98
0

4.
71

80
5

4.
29

89
7

3.
86

43
4

3.
46

28
1

3.
84

25
2

3.
26

16
61

28
10

0
16

79
7

10
0

31
45

7
10

0
27

45
7

10
0

20
79

7
10

0
18

78
6

10
0

23
26

1
10

0
12

53
3

10
0

73
09

10
0

77
31

10
0

40



Table 3: Order Submission Strategies

Panel A presents estimated coefficients and standard errors for an ordered probit model. The sign
of the coefficient denotes the relation between the independent variable and aggressiveness. Panel B
shows the marginal effects of the explanatory variables on each of the six categories of aggressiveness
(aggr). The multipliers are standardized by their standard errors. The meaning of the abbreviations
is as follows: bas is the bid-ask spread, ssd is the same side depth and osd is the opposite side depth
(both multiplied by 0.01), mom is the momentum, vola is the volatility (multiplied by 1000), volu is
the volume of transactions (multiplied by 1e-7), time is the time between transactions (multiplied
by 0.01). For brevity, we do not report the results for the time-of-the-day dummies. ∗∗∗ and ∗∗

denote statistical significance at the 1 and 5 percent levels, respectively.

Panel A
Buy side Sell side

Bas -26.4397∗∗∗ -25.9485∗∗∗

(1.5590) (1.7008)
Ssd 0.0288∗∗∗ 0.0417∗∗∗

(0.0014) (0.0014)
Osd -0.0079∗∗∗ 0.0114∗∗∗

(0.0012) (0.0015)
Mom 8.9711∗∗∗ -16.0767∗∗∗

(0.5025) (0.5656)
Vola -5.8883∗∗∗ -5.5927∗∗∗

(0.9896) (1.1390)
Volu 2.1759∗∗∗ -4.6433∗∗∗

(0.3224) (0.3710)
Time 0.0161∗∗∗ -0.0093∗∗

(0.0034) (0.0037)
χ2 test 1646.71∗∗∗ 2546.89∗∗∗

Panel B
Buy side

aggr bas ssd osd mom vola volu time

1 -16.26 19.51 -6.46 17.05 -5.91 6.7 4.79
2 -16.95 20.83 -6.49 17.84 -5.95 6.75 4.81
3 16.55 -20.19 6.47 -17.45 5.94 -6.73 -4.80
4 16.91 -20.67 6.49 -17.77 5.94 -6.74 -4.81
5 16.86 -20.63 6.49 -17.80 5.94 -6.74 -4.80
6 16.86 -20.73 6.49 -17.75 5.95 -6.74 -4.81

Sell side
aggr bas ssd osd mom vola volu time

1 -14.59 25.09 7.29 -24.55 -4.76 -12.19 -2.54
2 -15.2 28.96 7.39 -28.20 -4.79 -12.57 -2.54
3 14.87 -27.13 -7.35 26.43 4.78 12.41 2.54
4 15.17 -28.54 -7.38 27.83 4.79 12.53 2.54
5 15.17 -28.52 -7.38 28.01 4.79 12.53 2.54
6 15.06 -28.37 -7.38 27.53 4.79 12.52 2.54
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Table 4: Order Aggressiveness and Groups of Stocks

This table presents a comparison between theoretical (pre) and actual (act) frequencies of orders
in each category of aggressiveness (aggr) for the buy and the sell side. We compute theoretical
frequencies as the mean of the probabilities predicted by the ordered probit model, estimated in
Table 3, for the information set of each order in the subsample. Theoretical and actual frequencies
are all statistically different at the 5% level. We also report an index of actual (predicted)
aggressiveness (Aggress. Index ), obtained as the ratio between the number of actual (predicted)
orders of category 1-2 over the number of actual (predicted) orders of category 3-6.

Buy side
Group 1 Group 2 Group 3

Aggr N. Act (%) Pre (%) N. Act(%) Pre (%) N. Act (%) Pre (%)

1 1,066 1.43 1.14 571 0.67 1.04 359 1.46 1.01
2 45,956 61.86 61.51 51,147 59.69 59.99 14,513 59.10 59.69
3 3,562 4.79 5.99 5,382 6.28 6.07 2,201 8.96 6.09
4 11,572 15.58 17.04 15,930 18.59 17.55 4,651 18.94 17.67
5 5,455 7.34 7.62 7,306 8.53 8.03 1,835 7.47 8.12
6 6,681 8.99 6.70 5,355 6.25 7.32 998 4.06 7.42

Total 74292 100 100 85691 100 100 24557 100 100

Aggress. Index 1.72 1.68 1.52 1.57 1.53 1.54

Sell side
Group 1 Group 2 Group 3

Aggr N. Act (%) Pre (%) N. Act (%) Pre (%) N. Act (%) Pre (%)

1 922 1.15 1.02 484 0.72 1.04 263 1.43 0.93
2 50,282 62.74 61.61 42,396 62.77 61.46 9,226 50.03 60.21
3 3,869 4.83 5.60 3,741 5.54 5.58 1,670 9.06 5.67
4 13,202 16.47 18.19 12,560 18.59 18.19 4,613 25.01 18.70
5 7,420 9.26 8.96 5,677 8.40 9.02 2,013 10.92 9.45
6 4,445 5.55 4.62 2,688 3.98 4.71 657 3.56 5.04

Total 80,140 100 100 67,546 100 100 18,442 100 100

Aggress. Index 1.77 1.68 1.74 1.67 1.06 1.57
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Table 5: Orders Submission Strategies and Groups of Stocks

Panel A presents estimated coefficients and standard errors for an ordered probit model, on samples
of orders for different groups of stocks for the buy and the sell side. Panel B shows the marginal
effects of the explanatory variables for the ordered probit model estimated on group 3, sell side,
where we expect a higher degree of information asymmetry. The multipliers are standardized by
their standard errors.
The meaning of the abbreviations is as follows: bas is the bid-ask spread, ssd is the same side depth
and osd is the opposite side depth (both multiplied by 0.01), mom is the momentum, vola is the
volatility (multiplied by 1000), volu is the volume of transactions (multiplied by 1e-7), time is the
time between transactions (multiplied by 0.01). For brevity, we do not report the results for the
time-of-the-day dummies.
Group 1, 2 and 3 comprise IBM, MO, GE; XON, FNM, T, BA; and SLB, GLX, CL; respectively.

Panel A

Buy side Sell side
Group 1 Group 2 Group 3 Group 1 Group 2 Group 3

Bas -45.5695∗∗∗ -30.5239∗∗∗ -27.8985∗∗∗ -7.9327∗ -27.8264∗∗∗ -12.5187∗∗∗

(3.8164) (2.2647) (4.2469) (3.8125) (2.6550) (4.8006)
Ssd 0.0464∗∗∗ 0.0262∗∗∗ 0.0206∗∗∗ 0.0373∗∗∗ 0.0515∗∗∗ 0.0196∗∗∗

(0.0030) (0.0017) (0.0048) (0.0023) (0.0021) (0.0039)
Osd -0.0046∗∗ -0.0075∗∗∗ -0.0170∗∗∗ -0.0098∗∗∗ 0.0250∗∗∗ -0.0272∗∗∗

(0.0023) (0.0016) (0.0032) (0.0028) (0.0021) (0.0049)
Mom 11.4367∗∗∗ 6.1691∗∗∗ 14.8668∗∗∗ -17.8435∗∗∗ -13.2593∗∗∗ -19.4885∗∗∗

(0.9877) (0.6666) (1.3436) (0.9880) (0.7946) (1.4672)
Vola -8.5873∗∗∗ -8.8330∗∗∗ -3.1939 11.2503∗∗∗ -15.8298∗∗∗ 1.0243

(1.8678) (1.3270) (3.1457) (2.0585) (1.5422) (3.4606)
Volu 5.9404∗∗∗ 1.8341∗∗∗ -6.7091∗∗∗ -2.7124∗∗∗ -6.7302∗∗∗ -17.8980∗∗∗

(0.6898) (0.3973) (1.7506) (0.5946) (0.5384) (1.8922)
Time -0.0499∗∗ -0.0082 -0.0072 0.0906∗∗∗ -0.0264∗∗∗ 0.0095∗

(0.0196) (0.0069) (0.0047) (0.0181) (0.0077) (0.0054)

χ2 test 783.53∗∗∗ 981.20∗∗∗ 271.62∗∗∗ 831.62∗∗∗ 1874.85∗∗∗ 481.70∗∗∗

∗∗∗, ∗∗ and ∗ denote statistical significance at the 1, 5 and 10 percent levels, respectively.

Panel B

Sell side Group 3
Aggr bas ssd osd mom vola volu time

1 -2.59 4.81 -5.35 -11.54 0.30 -8.43 1.76
2 -2.61 4.96 -5.52 -13.20 0.30 -9.44 1.77
3 2.56 -4.75 5.22 10.21 -0.30 8.15 -1.76
4 2.61 -4.95 5.50 12.92 -0.30 9.31 -1.77
5 2.61 -4.95 5.50 13.02 -0.30 9.34 -1.77
6 2.60 -4.92 5.45 12.25 -0.30 9.15 -1.77
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Table 6: Order Aggressiveness before Earnings Announcements

This table presents a comparison between theoretical (pre) and actual (act) frequencies of orders
in each category of aggressiveness (aggr) for the buy and the sell side. We compute theoretical
frequencies as the mean of the probabilities predicted by the ordered probit model, estimated in
Table 3, for the information set of each order in the subsample. Theoretical and actual frequencies
are all statistically different at the 5% level. We also report an index of actual (predicted)
aggressiveness (Aggress. Index ), obtained as the ratio between the number of actual (predicted)
orders of category 1-2 over the number of actual (predicted) orders of category 3-6.

Buy side
Aggr N. Act (%) Pre (%)

1 303 1.15 1.11
2 15,789 59.98 60.82
3 1,223 4.65 6.02
4 3,902 14.82 17.26
5 2,006 7.62 7.80
6 3,100 11.78 6.99

Total 26,323 100.00 100.00

Aggress. Index 1.57 1.63

Sell side
Aggr N. Act (%) Pre (%)

1 233 0.89 1.04
2 17,597 67.40 61.65
3 1,243 4.76 5.58
4 3,796 14.54 18.15
5 2,123 8.13 8.95
6 1,115 4.27 4.63

Total 26,107 100.00 100.00

Aggress. Index 2.15 1.68
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Table 7: Order Submission Strategies and Earnings Announcements

Panel A presents estimated coefficients and standard errors for an ordered probit model, on samples
of orders submitted before earnings announcements for the buy and the sell side. Panel B shows
the marginal effects of the explanatory variables for the ordered probit model estimated on the buy
side, where we expect a higher degree of information asymmetry. The multipliers are standardized
by their standard errors.
The meaning of the abbreviations is as follows: bas is the bid-ask spread, ssd is the same side depth
and osd is the opposite side depth (both multiplied by 0.01), mom is the momentum, vola is the
volatility (multiplied by 1000), volu is the volume of transactions (multiplied by 1e-7), time is the
time between transactions (multiplied by 0.01). For brevity, we do not report the results for the
time-of-the-day dummies.

Panel A

Buy side Sell side

Bas -27.0912∗∗∗ -20.7988∗∗∗

(4.1729) (4.3557)
Ssd 0.0204∗∗∗ 0.0328∗∗∗

(0.0033) (0.0036)
Osd 0.0107∗∗∗ 0.0113∗∗∗

(0.0037) (0.0032)
Mom 10.0982∗∗∗ -7.1625∗∗∗

(1.4725) (1.4609)
Vola -5.0948∗∗∗ 2.6685

(1.5690) (1.8065)
Volu 9.8421∗∗∗ -7.3883∗∗∗

(1.0408) (1.0740)
Time -0.0422∗∗∗ -0.0378∗∗

(0.0151) (0.0164)

χ2 test 395.86∗∗∗ 310.42∗∗∗

∗∗∗, ∗∗ and ∗ denote statistical significance at the
1, 5 and 10 percent levels, respectively.

Panel B

Buy side Pre-Announcement
Aggr bas ssd osd mom vola volu time

1 -6.23 6.02 2.87 6.57 -3.20 8.67 -2.77
2 -6.48 6.26 2.91 6.85 -3.25 9.44 -2.79
3 6.29 -6.10 -2.89 -6.67 3.22 -8.94 2.78
4 6.45 -6.22 -2.90 -6.79 3.24 -9.30 2.79
5 6.44 -6.21 -2.90 -6.79 3.24 -9.26 2.79
6 6.48 -6.25 -2.91 -6.83 3.25 -9.43 2.79
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Table 8: Orders Price Impact

This table shows the ratio between the mean price impact for the row category and the mean price
impact for the column category, indicating if the difference is significant in a Wilcoxon test. ∗∗∗

and ∗∗ denote statistical significance at the 1 and 5 percent levels, respectively. Category 1 includes
market orders and marketable limit orders, category 2 includes orders with a limit price between
the bid and the ask or on the same side best quote, and category 3 include orders placed outside
the best quotes. Panel A presents the price impacts of buy orders submitted during the month of
November and during the 20 trading days preceding the earnings announcements. Panel B shows
the price impacts of sell orders for larger stocks (group 1) and smaller stocks (group 3).

Panel A

Buy side November

cat. 2 cat. 3
FNM cat. 1 1.0622∗∗ 1.2454∗∗∗

cat. 2 1.1724∗∗∗

GE cat. 1 1.1513∗∗∗ 2.5653∗∗∗

cat. 2 2.2283∗∗∗

IBM cat. 1 1.2862∗∗∗ 1.3294∗∗∗

cat. 2 1.0336∗∗∗

T cat. 1 1.2303∗∗∗ 3.4551∗∗∗

cat. 2 2.8084∗∗∗

XON cat. 1 1.3908∗∗∗ 5.0895∗∗∗

cat. 2 3.6593∗∗∗

Buy side pre-announcement

cat. 2 cat. 3
FNM cat. 1 0.9766∗∗ 1.2209∗∗∗

cat. 2 1.2501∗∗∗

GE cat. 1 0.9028∗∗∗ 0.5218∗∗∗

cat. 2 0.5780∗∗∗

IBM cat. 1 0.8928∗∗∗ 2.7849∗∗∗

cat. 2 3.1192∗∗∗

T − cat. 1 -0.2256∗∗∗ 0.0792∗∗∗

cat. 2 -0.3512∗∗∗

XON cat. 1 2.8663∗∗∗ 2.7249∗∗∗

cat. 2 0.9506∗∗∗

−: The price impact of orders in category
2 is negative.
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Panel B

Sell side Group 1

cat. 2 cat. 3
GE++ cat. 1 -4.6069∗∗∗ -0.8934∗∗∗

cat. 2 0.1939∗∗∗

IBM++ cat. 1 -0.3853∗∗∗ -0.7795∗∗∗

cat. 2 2.0228∗∗∗

MO+ cat. 1 1.7483∗∗∗ -0.3284∗∗∗

cat. 2 -0.1878∗∗∗

Sell side Group 3

cat. 2 cat. 3
CL cat. 1 1.9373 2.4858∗∗∗

cat. 2 1.2831∗∗∗

GLX++ cat. 1 -0.8049 -0.3374∗∗∗

cat. 2 0.4192∗∗∗

SLB cat. 1 0.4572∗∗∗ 1.1099∗∗∗

cat. 2 2.4276∗∗∗

++: The price impact of orders in category 2
and 3 is positive;
+: The price impact of orders in category 3 is
positive;
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Figure 1: Probability of Information-based Trading in the Sample Period.
This figure plots the rolling PI indicator for the three volume-groups of stocks. The dotted
line represents the average PI for the smallest volume group (CL, GLX, SLB); the continuous
line represents the average PI for the intermediate volume group (BA, FNM, T, XON); the
crossed line represents the average PI for the largest volume group (GE, IBM, MO).
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Figure 2: Probability of Information-based Trading before Earnings
Announcements. This figure plots an average PI indicator for the seven stocks that are
announcing earnings during our sample period. Each value is computed on an interval of 21
trading days, where the last day is gradually approaching the release date.
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Figure 3: Impact of Buy Orders on Price of GE. This figure plots the 60-minute
impact of buy orders on the price of GE as a non-parametric function of the ordered quantity.
We use a kernel regression with a Gaussian kernel and a variable bandwidth to reflect the
larger number of observations for smaller ordered quantities. The continuous line represents
the most aggressive orders (market orders and marketable limit orders), the dashed line
represents orders of medium aggressiveness (limit orders placed between the bid and the ask
or at the bid) and the dashed-dotted line represents the least aggressive orders (limit orders
placed below the bid).
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