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Abstract

I study the strategic choice of informed traders for market vs. limit orders by analyzing
the informational content of the limit order book. In particular, I examine intraday
return predictability from market and limit orders for all NYSE stocks over 2002-
2010, distinguishing between two sources of predictability: inventory management and
information. In contrast to the traditional view in the literature, I find that informed
limit (not market) orders are the dominant source of intraday return predictability. The
findings further indicate that the advent of algorithmic trading is associated with more
informed trading, especially through market orders. Overall, my evidence emphasizes
the role of limit orders in informed trading, which has implications for theory, investors,
and widely used measures of informed trading.
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1. Introduction

The limit order book is the dominant market design in equity exchanges around the

world.1 The prevalence of limit order book markets calls for a detailed understanding of

how such markets function. In particular, understanding the price discovery process on

these markets required a detailed study of the trader’s choice between submissions of market

and limit orders. The conventional wisdom in the microstructure literature used to be that

informed traders use only market orders, while uninformed traders use both market and

limit orders (for theoretical work see Glosten and Milgrom, 1985; Kyle, 1985; Glosten, 1994;

Seppi, 1997). Only recent studies explicitly consider the choice of informed traders for market

or limit orders.2 Informed traders can submit a market order and experience immediate

execution at the expense of the bid-ask spread (consume liquidity). Alternatively, informed

traders can submit a limit order and thus bear the risk of non-execution, as well as the risk

of being picked-off, but earn the bid-ask spread (provide liquidity).

The importance of the informed trader’s choice between market and limit orders is em-

phasized by a heated public debate about whether one group of market participants poses

negative externalities to another group of market participants due to informational asym-

metries. This informational advantage is especially pronounced for traders with superior

technologies for the collection and processing of information. Another feature that enhances

informational inequality in the market is the ability to continuously monitor and respond to

market conditions. Both characteristics are distinct characteristics of high-frequency traders

1According to Swan and Westerholm (2006), 48% of the largest equity markets are organized as pure limit
order book markets (e.g., Australian Stock Exchange, Toronto Stock Exchange, Tokyo Stock Exchange), 39%
are organized as limit order books with designated market makers (e.g., New York Stock Exchange, Borsa
Italiana), and the remaining 12% are organized as hybrid dealer markets (e.g., NASDAQ, Sao Paulo Stock
Exchange) as of the beginning of 2000.

2For theoretical studies on the choice of uninformed traders between market and limit orders, see Cohen,
Maier, Schwartz, andWhitcomb (1981), Chakravarty and Holden (1995), Handa and Schwartz (1996), Parlour
(1998), Foucault (1999), Foucault, Kadan, and Kandel (2005), Goettler, Parlour, and Rajan (2005), and Roşu
(2009); for theoretical studies on the choice of informed traders between market and limit orders see, Liu
and Kaniel (2006), Goettler, Parlour, and Rajan (2009), and Roşu (2015); for empirical studies on the choice
between market and limit orders on equity markets see, Bae, Jang, and Park (2003), Anand, Chakravarty, and
Martell (2005), Bloomfield, O’Hara, and Saar (2005), and Baruch, Panayides, and Venkataraman (2015); for
empirical studies on the choice between market and limit orders on foreign exchange markets see, Menkhoff,
Osler, and Schmeling (2010), Kozhan and Salmon (2012), and Kozhan, Moore, and Payne (2014).
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(a subset of algorithmic traders). Consistently, several papers identify algorithmic traders’

strategies that are disadvantageous for retail investors.3 Previous research has focused on

informed algorithmic trading via market orders with only one exception.4 In sum, under-

standing how informed trading takes place and what role algorithmic traders play in this

process are important questions to explore in modern market microstructure.

In this paper, I address these questions by studying intraday return predictability. Nat-

urally, orders submitted by informed traders contain information about future price move-

ments. If an informed trader actively uses market orders, an imbalance between buyer- and

seller-initiated volume may be informative about future price movements. If an informed

trader actively uses limit orders, the limit order book may contain information that is not

yet incorporated into the price. Therefore, strategies employed by informed traders may

induce intraday return predictability from market and limit order flows alike. To the best of

my knowledge, this is the first comprehensive study of intraday stock return predictability

from market order flow and limit order book data for a large cross-section of stocks over a

prolonged period of time. Previous research on this issue has been rather limited and/or

dated.5 Previous studies may fail to uncover important cross-sectional and time series deter-

minants of informed traders’ choices between market and limit orders (including the effect of

algorithmic trading activity) because of these data limitations.

The analysis is organized in two stages. First, I analyze intraday return predictability

from market and limit order flows and separate the effect of informed trading from the effect

3See for theoretical work, e.g., Foucault, Hombert, and Roşu, 2015; Biais, Foucault, and Moinas, 2015;
Foucault, Kozhan, and Tham, 2015; Jovanovic and Menkveld, 2015; see for empirical work, e.g., McInish
and Upson, 2012; Hirschey, 2013; Brogaard, Hendershott, and Riordan, 2014; Foucault, Kozhan, and Tham,
2015.

4Brogaard, Hendershott, and Riordan (2015) examine informed trading via both market and limit orders
by high-frequency traders for the sample of 15 Canadian stocks from October 2012 to June 2013.

5In particular, Kavajecz and Odders-White (2001), Bae, Jang, and Park (2003), Anand, Chakravarty,
and Martell (2005), Harris and Panchapagesan (2005), and Liu and Kaniel (2006) use TORQ database,
which includes only 144 randomly selected NYSE stocks during the period from November 1990 to January
1991; Cao, Hansch, and Wang (2009) use data on 100 of most actively traded stocks on the Australian Stock
exchange during March 2000; Baruch, Panayides, and Venkataraman (2015) use 95 stocks traded on the Paris
Euronext during the period from January 2003 to December 2003; Cenesizoglu, Dionne, and Zhou (2014)
use data on two stocks traded on the Deutsche Borse from June 2010 to July 2010; Putniņš and Michayluk
(2015) use data on 200 stocks traded on the Australian Stock Exchange from February 2008 to October 2011.
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of inventory management. Second, I analyze the impact of algorithmic trading on the choice

between market and limit orders made by an informed trader. In particular, I exploit a

quasi-natural experiment to establish a causal inference between algorithmic trading and

intraday return predictability from market and limit order flows. I also test recent theories of

the choice between informed trading through market versus limit orders by exploiting their

predictions regarding differences between low and high volatility stocks.

Using tick-by-tick trade data and data on the first 10 best levels of the consolidated

limit order book for the NYSE from the Thomson Reuters Tick History (TRTH) database, I

construct a time series of mid-quote returns, market order imbalance, and snapshots of the

first 10 best levels of the U.S. consolidated limit order book at the one-minute frequency at

the individual stock level. The sample covers all NYSE-listed common stocks for the years

2002-2010. TRTH data used in this paper are very comprehensive. In particular, for the

stocks under consideration, I have information for 1.36 billion trades and 8.54 billion limit

order book updates.

Intraday return predictability from limit order book data can arise from two sources.

First, inventory management (Hypothesis 1) may induce intraday return predictability by

generating price pressure as a result of limited risk-bearing capacity of risk-averse liquidity

providers (e.g., Stoll, 1978; Menkveld, 2013; Hendershott and Menkveld, 2014). Second,

private information (Hypothesis 2) may also induce intraday return predictability (see Liu

and Kaniel, 2006; Goettler, Parlour, and Rajan, 2009; Roşu, 2015). The latter source of

return predictability is the main focus of this paper. I approach the problem of isolating

private information source of intraday return predictability from two angles. First, inventory

management should result in temporary price effects, while private information should result

in permanent price effects. Therefore, controlling for lagged returns in predictive regressions

allows me to separate inventory management effects from the effects of private information.

Second, I run a VAR model and decompose market and limit order flows into two compo-

nents: inventory-related (fitted values) and information-related (surprises) components. The

use of surprises as a proxy for informed market and limit order flows is motivated by the fact
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that both limit and market order flows are persistent (e.g., Hasbrouck, 1991; Biais, Hillion,

and Spatt, 1995; Ellul, Holden, Jain, and Jennings, 2003; Chordia, Roll, and Subrahmanyam,

2005) and that this persistence is attributable to reasons other than information (e.g., De-

gryse, de Jong, and van Kervel, 2013). Huang and Stoll (1997), Madhavan, Richardson, and

Roomans (1997), and Sadka (2006) also use surprises in market order imbalance to isolate

the adverse selection component of the bid-ask spread.

Combining these two approaches together, I run the predictive regressions with lagged

surprises in returns, lagged surprises in market order imbalance, and lagged surprises in depth

concentration at the inner and outer levels of the ask and bid sides of the limit order book.

In this specification any remaining inventory management effects should be captured by the

coefficient of lagged surprises in returns. I use both market order flow and limit order book

variables in the predictive regressions to capture the trader’s choice between market and

limit orders. Inclusion of market order imbalance is also motivated by Chordia, Roll, and

Subrahmanyam (2005, 2008), who show that market order imbalance is predictive of future

price movements.

The findings of the first part of the analysis indicate that the main source of intraday

return predictability is private information (inventory management (lagged returns) accounts

only for 30% of total predictive power as measured by the average incremental adjusted R2

from the predictive regressions). In addition, the results indicate that informed trading

through the limit order book accounts for 50% of return predictability that is 30% greater

than a fraction of return predictability induced by informed trading through market orders.

The findings contradict the traditional view that only market orders are used for informed

trading. Furthermore, the findings suggest that informed trading via market orders is of less

importance than informed trading via limit orders. The findings also show that the relative

importance of informed limit and market orders remains constant over a prolonged period of

time.

In the second part of the analysis, I investigate how the presence of algorithmic traders

affects the order choices made by informed traders. This is a non-trivial task as algorithmic
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traders endogenously determine the extent of their participation in each stock at each point

in time. I follow the approach of Hendershott, Jones, and Menkveld (2011) and use the NYSE

Hybrid Market introduction — a permanent technological change in market design6 — as

an instrumental variable to help determine the causal effects of algorithmic trading activity

on intraday return predictability from informed market and limit order flows. The rollout

to the Hybrid Market was implemented in a staggered way, which helps clean identification.

I follow Hendershott, Jones, and Menkveld (2011) and Boehmer, Fong, and Wu (2015) and

use the daily number of best bid-offer quote updates relative to the daily trading volume (in

$10,000) as a proxy for algorithmic trading activity on each stock-day.

I develop two competing hypotheses of the effects of algorithmic trading on informed

traders’ choices: the efficient technology hypothesis (Hypothesis 3) and the competition

hypothesis (Hypothesis 4). On the one hand, the technological advantage of algorithmic

traders makes limit orders more attractive to them as they are able to reduce pick-off risks

better than the other market participants (the efficient technology hypothesis). On the

other hand, competition between algorithmic traders for (trading on) the same information

makes market orders more attractive to them as they guarantee immediate execution (the

competition hypothesis).

The results show that algorithmic trading activity leads to increased informational content

in both market and limit orders. However, an increase in the predictive power associated with

limit order book variables (the efficient technology hypothesis) is smaller than the increase

in predictive power associated with market order imbalance (the competition hypothesis).

Although the evidence is consistent with both hypotheses, the effects of the competition hy-

pothesis seem to dominate the effects of the efficient technology hypothesis. In other words,

increased algorithmic trading activity is associated with a relative shift from liquidity provi-

sion (limit orders) to liquidity consumption (market orders) by informed traders.

6NYSE Hybrid Market introduction allowed market orders to “walk” through the limit order book auto-
matically and thus, increased automation and speed (Hendershott and Moulton, 2011).
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My main contribution to the literature is twofold. First, I contribute to the literature

on intraday return predictability. I distinguish between two sources of intraday return pre-

dictability (inventory management and private information). My findings indicate that the

main source of the intraday return predictability is private information embedded in limit

orders. Furthermore, I show that this result holds for a wide cross-section of stocks and

through a prolonged time period.7 Second, my paper contributes to the ongoing debate

on the role of algorithmic traders (especially it subset, high-frequency traders) in informed

trading activity (see Biais and Foucault (2014) for review on high-frequency trading activity

and market quality). My evidence suggests that an increased degree of algorithmic trading

activity leads to an increased usage of both informed limit and informed market orders (with

the main effect concentrated in market orders). Informed limit orders still remain the main

source of the intraday return predictability even after increased degree of algorithmic trading

activity.

Overall, my paper provides evidence that informed traders tend to act more often as

liquidity providers (use limit orders), than liquidity demanders (use market orders). However,

with an increased presence of algorithmic traders, the amount of informed liquidity provision

increases less than the amount of informed liquidity consumption. One important implication

of my analysis concerns measures of asymmetric information and/or informed trading (e.g.,

PIN measure by Easley, Kiefer, O’Hara, and Paperman (1996); adverse selection component

of bid-ask spread by Glosten and Harris (1988) and Huang and Stoll (1997)), which have

been used widely in studies on market microsutructure, asset pricing, and corporate finance.8

These measures are exclusively based on market orders, and thus neglect the lion’s share of

informed trading on the equity markets — informed trading via limit orders.

7For papers studying intraday return predictability from the limit order book in equity markets see Irvine,
Benston, and Kandel (2000), Kavajecz and Odders-White (2004), Harris and Panchapagesan (2005), Cao,
Hansch, and Wang (2009), Cont, Kukanov, and Stoikov (2013), and Cenesizoglu, Dionne, and Zhou (2014).
However, none of these papers uses such comprehensive data as used in this paper.

8E.g., Easley, Hvidkjaer, and O’Hara (2002), Vega (2006), Chen, Goldstein, and Jiang (2007), Korajczyk
and Sadka (2008), Bharath, Pasquariello, and Wu (2009), and Easley, de Prado, and O’Hara (2012).
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2. Hypotheses

In this section, I develop the hypotheses for the tests of the choice between limit and mar-

ket orders by informed traders based on the evidence from intraday return predictability. In

section 2.1, I develop two hypotheses regarding the sources of intraday return predictability:

the inventory management hypothesis and the private information hypothesis. In section 2.2,

I describe the hypotheses regarding the effect of algorithmic trading activity on the strate-

gies employed by informed traders (the efficient technology hypothesis and the competition

hypothesis). The effect of the realized volatility is described in section 2.3.

2.1. Sources of intraday return predictability

Intraday return predictability from the limit order book can arise from two (not mutu-

ally exclusive) sources: inventory management and private information. Under the inventory

management hypothesis, depth concentration at the inner levels of the limit order book indi-

cates that a liquidity provider wants to unload inventory. This situation creates a temporary

price impact that is reverted as soon as the inventory position of the liquidity provider is

liquidated (e.g., Stoll, 1978; Ho and Stoll, 1981; Menkveld, 2013; Hendershott and Menkveld,

2014). Indeed, a liquidity provider will be hesitant to immediately replenish the ask side of

the limit order book as a large market buy order walks through the limit order book, because

she would prefer to liquidate excessive inventory first. It is optimal for her to post aggressive

limit orders on the bid side of the book, while on the ask side she will post a limit order

deep in the limit order book. In this way, she encourages other market participants to sell

her their stocks while discouraging them from buying from her. Therefore, I formulate the

inventory management hypothesis as follows:

H1 (the inventory management hypothesis): Depth concentration at the inner levels of the

ask (bid) sides of the limit order book is associated with decrease (increase) in future stock

returns, with depth concentration at the outer levels having virtually no effect on future stock

returns.
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Under the traditional approach to the adverse selection problem in equity markets only

inventory management should drive intraday return predictability from the limit order book.

This approach is built under the assumption of informed traders only using market orders

(e.g., Glosten and Milgrom, 1985; Kyle, 1985; Glosten, 1994; Seppi, 1997), which may be

an inadequate approximation of reality. Later studies build upon this initial work and allow

both informed and uninformed traders to choose between the order types (Liu and Kaniel,

2006; Goettler, Parlour, and Rajan, 2009; Roşu, 2015).

Based on theoretical predictions from Goettler, Parlour, and Rajan (2009), an informed

trader, who receives good news about a stock, has three different options to exploit this

information. First, the trader can submit a buy market order. Second, the trader can submit

a limit buy order at the inner level of the bid side of the limit order book; this limits execution

probability, but saves transaction costs. Third, the trader can also submit a limit sell order

at the outer levels of the ask side of the limit order book in combination with one of the two

above mentioned orders to lock-in the benefit from the price difference. The opposite is true

for the bad news scenario.

In reality, an informed trader’s choice between market and limit orders depends on the

strength of the signal received, the lifespan of the information, the ratio of informed to

uninformed traders, etc. In the case of a weak and very short-lived signal, the trader is likely

to use market orders. In the case of very strong signal that has a relatively long lifespan, the

trader is likely to use limit orders at the inner and outer levels of the limit order book. In

the case of the average signal with a short lifespan (which I believe is the dominant type of

signal), the trader is likely to use a mixture of market and limit orders (see Table 1).

Therefore, I formulate the private information hypothesis as follows:

H2 (the private information hypothesis): Depth concentration at the inner levels of the

ask side of the limit order book is associated with decrease in future stock returns, while depth

concentration at the outer levels of the ask side of the limit order book is associated with

increase in future stock returns. The opposite is true for the bid side of the limit order book.
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The main purpose of this paper is to test the private information hypothesis and inves-

tigate the effect of algorithmic traders on the informed trader’s choice between market and

limit orders discussed in the next subsection.

2.2. Effect of algorithmic trading activity

During the past decade, a new group of market participants — algorithmic traders — has

emerged and evolved into a dominant player responsible for the majority of trading volume.

Algorithmic trading “is thought to be responsible for as much as 73 percent of trading volume

in the United States in 2009” (Hendershott, Jones, and Menkveld, 2011, p. 1). Therefore,

it is a natural question to ask what role algorithmic traders are playing in informed trading

process and to what extent their presence affects the informed trader’s choice between market

and limit orders.

Possessing private information is equivalent to having capacity to absorb and analyze pub-

licly available information (including information from the past order flow) faster than other

market participants (Foucault, Hombert, and Roşu, 2015; Foucault, Kozhan, and Tham,

2015; Menkveld and Zoican, 2015). Efficient information processing technology is a distinct

feature of algorithmic traders, hence they are more likely to be informed than other market

participants. However, ex ante it is not clear whether algorithmic traders would prefer to use

market or limit orders to profit from their informational advantage.

On the one hand, limit orders are attractive for traders who can accurately predict execu-

tion probabilities, continuously monitor the market, and quickly adapt to market conditions.

Algorithmic traders possess all of these characteristics. Thus, they may be inclined to use

limit orders for informed trading.

On the other hand, competition among informed traders will lead to a faster price discov-

ery and a shorter lifespan for the information obtained by the informed trader. Algorithmic

traders compete for the same information by processing the same news releases or by ana-

lyzing past order flow patterns as fast as possible. In a competitive market, a trader must

be the first in line to trade on information in order to profit from it. Given that only market

orders can guarantee immediate execution, algorithmic traders may be inclined to use mar-
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ket orders for informed trading. Therefore, I formulate two competing hypotheses for the

strategies employed by informed algorithmic traders:

H3 (the efficient technology hypothesis): The predictive power of informed market orders

is lower for stocks subject to high algorithmic trading activity than for stocks subject to low

algorithmic trading activity. On the other hand, the predictive power of informed limit orders

is higher for stocks subject to high algorithmic trading activity than for stocks subject to low

algorithmic trading activity.

H4 (the competition hypothesis): The predictive power of informed market orders is higher

for stocks subject to high algorithmic trading activity than for stocks subject to low algorithmic

trading activity. On the other hand, the predictive power of informed limit orders is lower for

stocks subject to high algorithmic trading activity than for stocks subject to low algorithmic

trading activity.

2.3. Effect of realized volatility

According to Goettler, Parlour, and Rajan (2009), informed traders may prefer market

orders to limit orders at the inner levels of the limit order book for high volatility stocks and

limit orders at the inner levels of the limit order book to market orders for low volatility stocks.

The intuition is as follows. Posting a limit order is like writing an option (e.g., Copeland and

Galai, 1983; Jarnecic and McInish, 1997; Harris and Panchapagesan, 2005). It is known that

the sensitivity of the option price to the changes in the volatility of the underlying asset, i.e.,

vega (ν), is positive. In other words, the option price increases when the volatility of the

underlying asset increases. In this way, the option writer gets compensated for the increased

risk of option execution. Thus, the increased volatility of the stock will make limit orders

riskier and hence, less profitable. In addition, market orders become more profitable due

to picking off the stale limit orders posted by slow (and most likely uninformed) traders.

And last but not least, in a highly volatile environment it is harder to distinguish between

informed and uninformed market orders and hence, hiding informed trading is easier.

Given that on an intraday horizon, realized volatility based on the mid-quote returns is a

good proxy for fundamental volatility, I formulate the realized volatility hypothesis as follows:
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H5 (the realized volatility hypothesis): The predictive power of informed market orders is

greater for high volatility stocks than for low volatility stocks. On the other hand,the predictive

power of informed limit orders concentrated at the inner levels of the limit order book is greater

for low volatility stocks than for high volatility stocks.

3. Data, Variables, and Summary Statistics

In this section, I describe the data, variables, and summary statistics. I obtain intraday

consolidated data on trades and the 10 best levels of the limit order book for the U.S. market

from the Thomson Reuters Tick History (TRTH) database. The TRTH database is provided

by the Securities Industry Research Centre of Asia-Pacific (SIRCA). Data on trades and best

bid-offer quotes are available since 1996. Data on the limit order book levels are available

only from 2002 as the NYSE opened its limit order book to the public on January 24, 2002.

The limit order book data provided by TRTH does not include order level information (e.g.,

no order submission, revision, or cancellation details), only the 10 best price levels and the

depth on bid and ask sides of the book that is visible to the public. The data comes from the

consolidated tape. In other words, the best bid-offer reported in the data is the best bid-offer

for any exchange in the U.S. The same applies to the other levels of the limit order book.

TRTH data are organized by Reuters Instrumental Codes (RICs), which are identical to

TICKERs provided by the Center for Research in Security Prices (CRSP). Merging data

from CRSP and TRTH allows me to identify common shares that indicate the NYSE as

their primary exchange and to use company specific-information (e.g., market capitalization,

turnover, etc.). This study is limited to NYSE-listed stocks only as intraday return pre-

dictability from limit order book information as well as the behavior of the informed traders

could be very sensitive to market design. Hence, it seems inappropriate to put, for example,

the NASDAQ (hybrid dealer market) and NYSE (limit order book with designated market

makers) data together.

The available data for the limit order book cover the period from 2002 to 2010. The

joint size of the trade and limit order book data reaches 2.5 terabytes. In order to make the
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analysis feasible, I compute one-minute mid-quote returns and market order imbalances, and

take snapshots of the limit order book at the end of each one-minute interval. I filter the

data to discard faulty data entries and data entries outside continuous trading session (see

the Appendix for details).

3.1. Variable descriptions

In this section, I describe the variables used to study the choice of informed traders

between market and limit orders by means of intraday return predictability from the limit

order book. In particular, I look at the return predictability one-minute ahead. Therefore, I

need intraday data on returns, market order imbalances (MOIB), and limit order book data

(LOB) at one-minute frequency. For all the variables, I discard overnight observations.

I follow Chordia, Roll, and Subrahmanyam (2008) and compute one-minute log-returns

(Ret) based on the prevailing mid-quotes (average of the bid and ask prices) at the end of

the one-minute interval, rather than the transaction prices or mid-quotes matched with the

last transaction price. In this way I avoid the bid-ask bounce and ensure that the returns for

every stock are indeed computed over a one-minute interval. I implicitly assume that there

are no stale best bid-offer quotes in the sample, thus I consider a quote to be valid until a

new quote arrives or until a new trading day starts.

To calculate a one-minute MOIB, I match trades with quotes and sign trades using the

Lee and Ready (1991) algorithm. TRTH data are stamped to the millisecond, therefore the

Lee and Ready (1991) algorithm is quite accurate. In particular, a trade is considered to be

buyer-initiated (seller-initiated) if it is closer to the ask price (bid price) of the prevailing

quote. For each one-minute interval, I aggregate the trading volume in USD for buyer- and

seller-initiated trades separately at the stock level. Thereafter, I subtract seller-initiated

dollar volume from buyer-initiated dollar volume to obtain MOIB.

There are multiple ways to describe the limit order book. Most of the papers that study

intraday return predictability either focus on different levels of the limit order book or on the

corresponding ratios of these levels between the ask and bid sides of the limit order book.

For instance, Wuyts (2008), Cao, Hansch, and Wang (2009), and Cenesizoglu, Dionne, and
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Zhou (2014) use slopes and depth at different levels of the limit order book to summarize

its shape. However, due to variation in the shape of the limit order book as well as in the

number of available levels of the limit order book (in my sample the daily average number

of levels can be as low as just six levels), I believe that definition of inner and outer levels

by means of a relative threshold is more suitable than definition by means of the number of

levels in the limit order book (e.g., levels from 2 to 5 are inner levels and levels from 6 to 10

are outer levels).

Examples of a relative approach to limit order book description are Cao, Hansch, and

Wang (2009), who also use volume-weighted average price for different order sizes to describe

the limit order book, and Kavajecz and Odders-White (2004), who use a so-called “near-

depth” measure, which is a proportion of the depth close to the best bid-offer level relative

to the cumulative depth within a certain price range.

For the purpose of testing the private information hypothesis, I focus on the ratios within

the ask and bid sides separately, rather than across the ask and bid sides of the limit order

book. I use a modification of the “near-depth” measure introduced by Kavajecz and Odders-

White (2004). First, I compute a snapshot of the ask and bid sides of the limit order book

at the end of each one-minute interval. Then, I define the inner depth concentration as

cumulative depth lying between the mid-quote and one-third of the total distance between

the 10th available limit price and the mid-quote relative to the total cumulative depth of the

ask and bid side of the limit order book separately (Ask Inner and Bid Inner). I define the

outer depth concentration as cumulative depth lying between one-third and two-thirds of the

total distance between the 10th available limit price and the mid-quote relative to the total

cumulative depth of the ask and bid side of the limit order book separately (Ask Outer and

Bid Outer). Please refer to Table 2 for the summary of variables’ descriptions.

My relative approach allows me to define inner and outer levels of the limit order book

even if not all 10 levels are present for a particular stock at a particular time. Hence, I can

define in unified fashion the levels that are close to the best bid-offer level, as well as the

levels that are far away from the best bid-offer level across stocks and through time.
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3.2. Summary statistics

Table 3 presents summary statistics for the one-minute mid-quote returns (Ret), dollar

market order imbalance (MOIB), and depth concentration at the inner levels (Bid Inner

and Ask Inner) and outer levels (Bid Outer and Ask Outer) of the ask and bid sides of

the limit order book (LOB), and cutoff points between the inner and outer levels of the

limit order book measured relative to the mid-quote (Bid Cutoff and Ask Cutoff) at the

end of each one-minute interval for the whole period (from January 2002 to December 2010)

and two sub-periods (from January 2002 to June 2006 and from July 2006 to December

2010). I start with winsorizing all variables at the 1% and 99% levels on a stock-day basis.

Then, I compute averages of the one-minute observations for mid-quote returns (Ret), dollar

market order imbalance (MOIB), and depth concentration at the inner and outer levels of

the ask and bid sides of the limit order book per stock-day. Afterwards, I winsorize stock-

day averages of the variables at the 1% and 99% levels based on the whole sample period or

sub-periods and compute summary statistics.

The mean of the daily average one-minute mid-quote returns is -0.003 basis points for

the whole sample period (see Panel A of Table 3). The average negative return is due to the

inclusion of the recent financial crisis period in the sample. Indeed, in the first half of the

sample period the average returns are 0.014 basis points, while in the second half of the period

the average returns are -0.02 basis points. The mean of the daily average one-minute dollar

market order imbalance is $4,133.34. This indicates that on average there is more buying

than selling pressure in the market. However, this buying pressure is much more moderate

at $840.15 – when I focus on the second half of the sample period due to the inclusion of the

recent financial crisis.

Panel A of Table 3 also shows the depth concentration at the inner and outer levels

separately of the ask and bid side of the limit order book for the whole sample period. The

average proportion of the cumulative depth at the inner levels of the limit order book is

31.49% and 32.19% of the ask and bid side of the limit order book, respectively. The average

proportion of the cumulative depth at the outer levels of the limit order book is 31.36%
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and 31.20% of the ask and bid sides of the limit order book, respectively. Although the

average depth concentration is very similar for the inner and outer levels for both ask and

bid sides of the limit order book, depth concentration at the inner levels exhibits higher

variation than depth concentration at the outer levels both in terms of within and between

standard deviations. Notably, the ask and bid sides of the limit order book exhibit similar

characteristics in terms of the depth concentration at the inner and outer levels.

Panel A of Table 3 also reports the cutoff points between inner and outer levels of the ask

and bid sides of the limit order book measured as a percentage deviation from the mid-quote.

For the whole sample period, the cutoff point (one-third of the total distance between the

10th available limit price and the mid-quote) is 1.47% and -1.43% of the ask and bid sides

of the limit order book, respectively.

Sub-period analysis (see Panels B and C of Table 3) reveals that although on average

through the whole sample period depth concentration at the inner and outer levels for both

sides of the limit order book is similar, depth concentration at the inner levels tends to

decrease over time, while depth concentration at the outer levels tends to increase over time.

In particular, in the first half of the sample period, depth concentration at the inner levels

of the ask (bid) side of the limit order book is 42.66% (45.31%). In the second half of the

sample period, depth concentration at the inner levels of the ask (bid) side of the limit order

book is 21.53% (20.47%). In the first half of the sample period, depth concentration at the

outer levels of the limit order book of the ask (bid) side of the limit order book is 25.49%

(24.69%), while in the second half of the sample period it reaches 36.59% (37.03%).

This trend in the limit order book composition is also reflected in the cutoff points between

the inner and outer levels of the limit order book. In particular, in the first half of the sample

period, price levels of the limit order book are more dispersed than in the second half of the

sample period. Hence, for the first half of the sample period I define inner depth as depth

concentrated at price levels that do not differ from the mid-quote more than 2.34% (2.45%) of

the ask (bid) side of the limit order book, respectively. The cutoff points for the second half

of the period are 0.68% (0.51%) for the ask (bid) side of the limit order book, respectively.
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This decreasing (increasing) trend in depth concentration at the inner (outer) levels of

the limit order book can be also observed in Panel A of Figure 1. Panel B of Figure 1 shows

the trend in cutoff points between the inner and outer levels of the limit order book.

The composition changes in the limit order book may be attributable to the different

structural changes of the NYSE during the sample period such as autoquote introduction

in 2003 (Hendershott, Jones, and Menkveld, 2011), NYSE Hybrid introduction in 2006-2007

(Hendershott and Moulton, 2011), Reg NMS implementation in 2007, and replacement of

the specialist by designated market makers at the end of 2008.

4. Methodology

In this section, I describe the methodology used in the paper in order to investigate

whether market and/or limit orders are used for informed trading. In particular, I empirically

distinguish between two sources of intraday return predictability: inventory management

(Hypothesis 1) and private information (Hypothesis 2). Given that the main goal of this

paper is to investigate the informed trader’s choice between market and limit orders, the

latter source of the intraday return predictability is the one I focus on.

I run stock-day predictive regressions at one-minute frequency using one-minute mid-

quote returns as the dependent variable. As explanatory variables I use lagged returns, lagged

market order imbalance (MOIB), and lagged depth concentration at the inner and outer

levels of the ask and bid sides of the limit order book. I includeMOIB in the model as I want

to show that the LOB variables contain useful information for intraday return predictability

beyond MOIB. Controlling for lagged returns allows me to differentiate between temporary

effect (inventory management) and permanent effect (private information). The regression

equation is given by:

Rett = α + β1Rett−1 + β2MOIBt−1 + β3Bid Innert−1 + β4Ask Innert−1+ (1)

+β5Bid Outert−1 + β6Ask Outert−1 + εt
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where Rett is the mid-quote return during the t-th one-minute interval,MOIBt−1 is the dollar

market order imbalance during the (t − 1)-th one-minute interval, LOBt−1: Bid Innert−1,

Ask Innert−1, Bid Outert−1, Ask Outert−1 are the depth concentrations at the inner and

outer levels of the ask and bid sides of the limit order book at the end of the (t − 1)-th

one-minute interval.

As a next step, I identify the private information component of the market and limit

order flows and enhance the above mentioned methodology. Hasbrouck (1991) and Chordia,

Roll, and Subrahmanyam (2005) show that MOIB is positively autocorrelated. Moreover,

Biais, Hillion, and Spatt (1995) and Ellul, Holden, Jain, and Jennings (2003) show that

order flow is also persistent for limit orders. Biais, Hillion, and Spatt (1995) argue that

there are three possible reasons for the order flow persistence: order splitting, imitation of

other traders’ behavior, and reaction to the public information in a sequential manner (e.g.,

due to the differences in trading speed). Degryse, de Jong, and van Kervel (2013) show

that order flow persistence is caused by reasons other than private information. Previous

empirical studies (e.g., Huang and Stoll, 1997; Madhavan, Richardson, and Roomans, 1997;

Sadka, 2006) use unexpected changes in the market order flow in order to isolate information-

related component. I extend this approach one step further and apply it to market and limit

order flows. I argue that it is an appropriate extension as both market and limit order flows

are persistent. Therefore, I use unexpected changes in the order flow for both market and

limit orders as a proxy for the private information component of the order flow.

I obtain the surprises in returns, MOIB, and LOB variables by estimating stock-day

V AR(k) regression (number of lags, k, can take values from 1 to 5 and is selected by AIC

criteria) and keeping the residual values:

Xt = α +
l=k∑
l=1

βXt−l + εt (2)
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where Xt is a vector that includes Rett, MOIBt, Bid Innert, Ask Innert, Bid Outert, and

Ask Outert measured at the t-th one-minute interval; εt is vector of residuals that includes

the RetUt , MOIBU
t , Bid InnerUt , Ask InnerUt , Bid OuterUt , and Ask OuterUt .

In the remainder of the paper, the superscript U indicates a residual value from V AR(k)

rather than the variable itself. Misspecification of the V AR(k) model may lead to some

inventory effects ending up in the surprises. In order to address this issue, I include lagged

surprises in returns as explanatory variable in the predictive regressions to capture return

reversal, which is a distinct feature of the inventory management hypothesis. I run predictive

regressions per stock-day with lagged surprises in returns, lagged surprises in MOIB, and

lagged surprises in depth concentration at the inner and outer levels of the ask and bid sides

of the limit order book as explanatory variables:

Rett = α + β1Ret
U
t−1 + β2MOIBU

t−1 + β3Bid Inner
U
t−1 + β4Ask Inner

U
t−1+ (3)

+β5Bid Outer
U
t−1 + β6Ask Outer

U
t−1 + εt

5. Empirical Results

In this section, I provide empirical evidence for the informed trader’s choice between

market and limit orders by analyzing intraday return predictability from market and limit

order flows (section 5.1). Then, I discuss the role of algorithmic trading activity in the choice

made by informed trader (section 5.2). In section 5.3, I provide supplementary analysis of

the effects of realized volatility on the informed trader’s choice.

5.1. Intraday return predictability

I start with examining whether limit order book variables are useful in predicting intra-

day returns without explicitly decomposing order flow into inventory- and information-related

components. Table 4 presents estimation results of equation (1): predictive stock-day regres-

sions of one-minute mid-quote returns on one-minute lagged mid-quote returns, one-minute

lagged market order imbalance, and one-minute lagged depth concentration at the inner and

outer levels of the ask and bid sides of the limit order book.
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Panel A of Table 4 reports average coefficients together with average Newey-West t-

statistics, as well as the proportion of the regressions that have significant individual t-

statistics.9 Rett−1 is negatively related to the future returns. Such return reversals are

in line with the inventory management hypothesis (Hypothesis 1). MOIBt−1 is positively

related to future stock returns (in line with, e.g., Chordia, Roll, and Subrahmanyam, 2005,

2008). In particular, theMOIBt−1 coefficient is 4.65 and is positive and significant in 26.43%

of the stock-day regressions. These results hold for the whole sample period as well as for

the sub-periods.10 The increase of one within standard deviation in MOIBt−1 is associated

with a 0.72 basis points increase in the future returns, which is equivalent to an increase of

1.24 within standard deviation for returns.

In line with the inventory management (Hypothesis 1) and informed limit orders (Hy-

pothesis 2) hypotheses, depth concentration at the inner levels of the bid (ask) sides of the

limit order book, Bid Innert−1 (Ask Innert−1) is positively (negatively) related to the fu-

ture price movements. For the whole sample period, one within standard deviation increase

in Bid Innert−1 (Ask Innert−1) corresponds to an increase of future returns by 0.35 basis

points (decrease of future returns by -0.35 basis points), which is equivalent to an increase

of 0.61 within standard deviation for returns (decrease of 0.61 within standard deviation for

returns).

However, the fact that Bid Outert−1 (Ask Outert−1) is negatively (positively) related to

future price movements in the second half of the period cannot be explained under the inven-

tory management hypothesis (Hypothesis 1), while it is true under the private information

hypothesis (Hypothesis 2). Notably, the sign of Bid Outert−1 (Ask Outert−1) changes from

insignificantly positive (negative) in the first half of the sample period to significantly negative

9To compute average Newey-West t-statistics, I do the following steps (following Rösch, Subrahmanyam,
and van Dijk, 2015). First, I use a time series of the estimated coefficients for each stock to compute Newey-
West t-statistics (Newey and West, 1987). Second, I average the cross-section of the Newey-West t-statistics
to determine the average Newey-West t-statistics estimate.

10As a comparison, Rösch, Subrahmanyam, and van Dijk (2015) document that coefficient of MOIBt−1

is 3.79 and is positive and significant in 30.07% of the predictive regressions using only lagged dollar market
order imbalance over 1996-2010 for NYSE common stocks.
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(positive) in the second half of the sample period. In other words, informational content at

the outer levels of the limit order book is lower in the first half of the sample period compared

to the second half of the sample period. These results are also in line with increasing depth

concentration at the outer levels of the limit order book and decreasing depth concentration

at the inner levels of the limit order book over the sample period. For the whole sample

period, one within standard deviation increase in Bid Outert−1 (Ask Outert−1) corresponds

to decrease of future returns by -0.017 basis points (increase of future returns by 0.012 basis

points), which is equivalent to decrease of 0.03 within standard deviation for returns (increase

of 0.02 within standard deviation for returns).

Remarkably, the effects of the ask and bid sides of the limit order book are similar in terms

of the absolute size of the coefficients. However, the median of daily correlation coefficients

between Bid Innert−1 and Ask Innert−1 (Bid Outert−1 and Ask Outert−1) is quite low –

at only 6.24% (2.21%). Put differently, the depth concentration of the ask and bid sides of

the limit order book tend to vary largely independently from each other, thus their effects

on future returns should not offset each other.

At the same time, Panel A of Table 4 shows a clear discrepancy in the absolute size of the

coefficients between depth concentration at the inner and outer levels: 1.89 (-2.02) to -0.16

(0.11) of the bid (ask) side during the whole sample period, respectively.11 This discrepancy

could be due to the fact that outer levels are not likely to be used for inventory management.

In addition, outer levels are used for informed trading if and only if an informed trader

receives a relatively strong signal, which is unlikely to happen regularly on the market.

In order to measure the relative importance of market and limit order variables, I look

at the R2 decomposition of the predictive regressions. Panel B of Table 4 shows that the

average adjusted R2 of the predictive regressions is equal to 1.64% for the whole sample

11A natural concern is that the inner and outer levels of the limit order book are negatively correlated by
construction. If there is an extremely high correlation between depth concentration at the inner and outer
levels of the limit order book, I can run into a multicollinearity problem. However, across all stock-days,
these correlation coefficients never fall below -70%, and the median value is around -46% for both ask and
bid sides of the limit order book.
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period. Adjusted R2 attributable toMOIBt−1 is 0.34% in absolute terms, which accounts for

20.66% of the total explanatory power. As a comparison, Chordia, Roll, and Subrahmanyam

(2008) document an adjusted R2 of 0.51% for predictive regressions using only lagged dollar

market order imbalance for the 1993-2002 period, which is of the same order of magnitude

as my estimate. Lagged return accounts for 32.38% of the total predictive power, while

46.96% of the total predictive power comes from the limit order book variables (with 27.79%

attributable to the depth concentration at the inner levels of the limit order book and 19.17%

attributable to the depth concentration at the outer levels of the limit order book).

My results are also consistent with Cao, Hansch, and Wang (2009), who document an

increase in adjusted R2 after inclusion of additional levels of the limit order book with a

monotonic decrease of the added value for each additional level. My results are however

at odds with Cont, Kukanov, and Stoikov (2013), who argue that only imbalances at the

BBO level drive intraday return predictability. Despite the fact that Cao, Hansch, and Wang

(2009) and Cont, Kukanov, and Stoikov (2013) also investigate intraday return predictability

from the limit order book, the data used in their studies is quite limited. Specifically, Cao,

Hansch, and Wang (2009) use one month of data on 100 stocks traded on the Australian Stock

Exchange, while Cont, Kukanov, and Stoikov (2013) use one month of data on 50 stocks from

S&P 500 constituents. Overall, my results allow me to draw more generalizable conclusions

regarding intraday return predictability and observed time series and cross-sectional patterns.

The sub-period analysis yields the following results. Total predictive power of the re-

gressions decreases slightly from 1.71% in the first half of the sample period to 1.58% in the

second half. This decrease is attributable to the limit order book (adjusted R2 decreases

from 0.85% to 0.71%). The predictive power of the MOIB increases slightly from 0.33% to

0.35%. This evidence is consistent with the fact that intraday return predictability from the

limit order book is a persistent phenomenon during 2002-2010 for all NYSE-listed common

stocks.

Next, I enrich the analysis discussed above in order to emphasize the importance of private

information source of intraday return predictability. To determine the pure effect of private
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information on intraday return predictability from market and limit order flows, I follow the

previous literature (e.g., Huang and Stoll, 1997; Madhavan, Richardson, and Roomans, 1997;

Sadka, 2006) and use surprises in market and limit order flows to define the informational

component of the order flows. I calculate surprises as residual values of the V AR(k) regression

on a stock-day basis with the number of lags determined by AIC criteria (see equation 2). I

then repeat the above-mentioned analysis with these surprises used as explanatory variables

(see equation 3). I use superscript U to refer to surprises in the variables.

Table 5 presents the average estimation results of this analysis. The results in Table 5

are similar to the results in Table 4, with the only exception of the depth concentration at

the outer levels of the ask side of the limit order book, which is no longer significant during

the second half of the period. Nevertheless, all the signs during the whole sample period and

the second half of the sample period are consistent with the private information hypothesis

(Hypothesis 2).

Based on the whole sample period, adjusted R2 attributable to the MOIBU is 0.31% in

absolute terms (20.92% in relative terms), while the adjusted R2 attributable to surprises

in LOB variables is 0.71% in absolute terms (47.21% in relative terms). The inner levels of

the limit order book contribute 27.65% and outer levels contribute 19.56% of this predictive

power.

All in all, this suggests that private information is the main source of the intraday return

predictability: roughly 20% of this predictability is attributable to the informed market or-

ders, roughly 50% is attributable to the informed limit orders. Remaining 30% are stemming

from inventory management concerns (lagged returns).

Furthermore, the evidence is consistent with the majority of informed trading taking place

via limit orders contrary to the traditional view of informed trading taking place via market

orders only.

5.2. Algorithmic trading and informed trader’s choice

To this end, I provide evidence consistent with limit orders being actively used for in-

formed trading. Furthermore, my findings suggest that informed limit orders are a prevalent
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source of intraday return predictability. I now examine the role of algorithmic trading activity

in the choice made by the informed trader.

In particular, I identify the effects of algorithmic trading activity on intraday return

predictability from the limit order book. The results of this section add to the ongoing debate

on whether algorithmic traders improve or decrease market quality. Identifying the causal

effects of the algorithmic trading activity is not a trivial task as the degree of algorithmic

trading activity in each stock on each day is an endogenous choice made by the algorithmic

trader. Therefore, I adopt an instrumental variable approach following Hendershott, Jones,

and Menkveld (2011) to identify the causal effects of the algorithmic trading on limit order

book informational content.

Since January 2002 when the NYSE opened its limit order book to public, there were

two major technological advances in NYSE equity market design that impacted algorithmic

trading activity: Autoquote in 2003 (Hendershott, Jones, and Menkveld, 2011) and NYSE

Hybrid Market in 2006-2007 (Hendershott and Moulton, 2011). After the NYSE Hybrid

Market introduction, orders were allowed to “walk” through the limit order book automat-

ically, before this technological change market orders were executed automatically at the

best bid-offer level only. I use the NYSE Hybrid Market introduction as an instrument for

algorithmic trading activity that allows me to investigate the role of algorithmic traders in

informed trading activity.

I obtain data on the NYSE Hybrid Phase 3 rollout, which was when the actual increase

in the degree of automated execution and speed took place (Hendershott and Moulton, 2011)

from Terrence Hendershott’s website. This rollout was implemented in a staggered way from

October 2006 until January 2007 (see Figure 2), which allows for a clean identification. My

analysis is focused on the period around Hybrid introduction from June 2006 to May 2007.

All stocks in the sample have CRSP data available during the whole period under consider-

ation. I discard stocks with average monthly price bigger than $1,000 and smaller than $5.

I winsorize all the variables at the 1% and 99% levels.
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I consider the following proxy for algorithmic trading activity in the spirit of Hendershott,

Jones, and Menkveld (2011) and Boehmer, Fong, and Wu (2012): AT , a daily number of

best bid-offer quote updates relative to daily trading volume (in $10,000).12

I follow Hendershott, Jones, and Menkveld (2011) and estimate the following IV panel

regression with stock and day fixed effects (implicit difference-in-difference approach) and

double-clustering of the standard errors (Petersen, 2009):

Yi,t = αi+γt+ATi,t+MCAPi,m−1+1/PRCi,m−1+Turnoveri,m−1+V olatilityi,m−1+εi,t (4)

where Yi,t is either coefficients estimates from equation (3), or incremental adjusted R2 from

equation (3) for stock i on day t, and αi and γt are stock and day fixed effects. ATi,t is a

proxy for algorithmic trading activity for stock i on day t . In addition, I control for daily

log of market capitalization in billions (MCAPi,m−1), inverse of price (1/Pi,m−1), annualized

turnover (Turnoveri,m−1), and square root of high minus low range (V olatilityi,m−1) averaged

over the previous month, m− 1. As a set of instruments, I use all explanatory variables with

ATi,t replaced by Hybridi,t, a dummy variable that equals one if the stock i on day t is rolled-

out to the NYSE Hybrid Market and 0 otherwise. In other words, I estimate equation (4) by

means of 2SLS with an exclusion restriction on the Hybrid Market introduction dummy.

Unreported results of the first stage regression show that AT increases significantly with

NYSE Hybrid Market introduction (an increase of 1.12 best bid-offer updates per $10,000

of daily trading volume). The null hypothesis that instrument does not enter first-stage

regression is strongly rejected.

The results for the second stage regression for AT are presented in Table 6. In particular,

I estimate the effect of algorithmic trading on the coefficients (Panel A) and incremental

12The results are robust for using a different proxy for algorithmic trading activity: a daily number of limit
order book updates relative to daily trading volume (in $10,000). On the one hand, by construction this is a
better proxy for algorithmic trading activity in the limit order book. On the other hand, my limit order book
data is limited as it takes into account only first 10 levels of the limit order book (aggregated depth at first
10 price levels). In addition, I do not have order level data (submission, revision, cancellation). Therefore,
the change in this measure due to NYSE Hybrid Market introduction is bounded from above due to data
limitations. Results with this proxy are available from the author upon a request.
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adjusted R2 (Panel B) from predictive regressions of one-minute mid-quote returns on lagged

surprises in returns, MOIB, and LOB variables (see equation 3). I test the efficient tech-

nology hypothesis (Hypothesis 3) against the competition hypothesis (Hypothesis 4).

Panel A of Table 6 shows that in line with the competition hypothesis, the coefficients

of lagged MOIBU significantly increase in an absolute sense with an increase in algorithmic

trading activity. However, there is also an increase in the Bid InnerU and Ask InnerU

coefficients in line with the efficient technology hypothesis. This is consistent with slow

traders, who are likely to be uninformed, moving away from the inner to outer levels, while

fast and potentially informed traders continue operating at the inner levels of the bid and ask

sides of the limit order book. The coefficients of the lagged returns also increase in an absolute

sense, consistent with the fact that high-frequency traders (subset of algorithmic traders) are

known to end their day with a flat inventory position. Therefore, inventory management

concerns should generate a stronger return reversal in the presence of algorithmic traders.

Panel B of Table 6 reports the effect of algorithmic trading on the incremental adjusted

R2 from equation (3). Algorithmic trading participation increases the predictive power of

all variables, although the increase in predictive power of the depth concentration at the

outer levels of the bid and ask sides of the limit order book is marginal. In particular, a one

standard deviation increase in AT leads to an increase of 8.2 basis points in the adjusted

R2 attributable to lagged surprises returns, a 5.3 basis points increase in the adjusted R2

attributable to MOIBU , a 2.6 (2.7) basis points increase in the adjusted R2 attributable

to Bid InnerU (Ask InnerU), and a 0.7 (0.6) basis points increase in the adjusted R2 at-

tributable to Bid OuterU (Ask OuterU).13 Put differently, I find evidence consistent with

both the efficient technology (predictive power of limit orders increases) and the competi-

tion (predictive power of market orders increases) hypotheses. However, the effects of the

competition hypothesis may dominate those of the efficient technology hypothesis.

Note that intraday return predictability (total as well as incremental) increases with the

size and turnover, and decreases with the inverse of price and volatility. Size and turnover

13Recall from section 5.1 that an average adjusted R2 for the whole sample period is 1.50%.
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could be viewed as a proxies for stocks’ liquidity. Lower transaction costs allow traders to

benefit even from small pieces of information, on which they would not trade otherwise,

which in turn increases the predictive power of limit and primarily market orders.

Overall, I contribute to the debate on whether algorithmic traders adversely select other

market participants. I provide evidence that the increased degree of algorithmic trading

participation is associated with an increase in the informational content of not only market

orders, but also limit orders at the inner levels of the limit order book (with outer levels

being only marginally affected). In other words, an increase in algorithmic trading activity

leads to an increase in informed trading via both market (demanding liquidity) and limit

orders (providing liquidity), with a relative shift from informed liquidity provision to informed

liquidity consumption.

5.3. Realized volatility and informed trader’s choice

I test the realized volatility hypothesis based on the theoretical predictions from Goettler,

Parlour, and Rajan (2009), who argue that informed traders tend to use market orders for

high volatility stocks and limit orders for low volatility stocks (Hypothesis 5). These effects

should be mainly observed for the orders posted at the inner levels of the limit order book

as these orders are more likely to be hit.

I estimate predictive regressions of one-minute mid-quote returns (see equation 3) with

one-minute lagged surprises in returns, one-minute lagged surprises in market order imbal-

ance, and lagged surprises in depth concentration at the inner and outer levels of the ask and

bid sides of the limit order book as explanatory variables on a stock-day basis. Then, I sort

the stocks into four portfolios based on one-day lagged realized volatility (realized volatility

is computed from one-minute mid-quote returns during the day).

Ex ante, I expect a monotonic increase in the absolute coefficient of the surprises in

market order imbalance and adjusted R2 from the low volatility portfolio to the high volatility

portfolio, while I expect the opposite for the surprises in depth concentration at the inner

levels of the ask and bid sides of the limit order book. Table 7 reports the estimation results

for the average coefficients and the average Newey-West t-statistics (Panel A) and adjusted
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R2 decomposition (Panel B) for the whole sample period only.

Table 7 Panel A shows a monotonic increase for the coefficient of MOIBU from 1.18 to

11.63 while moving from the low realized volatility portfolio to the high realized volatility

portfolio. In other words, coefficient of MOIBU is 9.86 times greater for high volatility

stocks than for low volatility stocks. The coefficients of Bid InnerU(Ask InnerU) also

increase monotonically in absolute sense from the low volatility portfolio to the high volatility

portfolio from 1.64 (-1.71) to 3.78 (-3.81), but this increase is very moderate compared to

MOIBU . The coefficients of Bid OuterU(Ask Outer U) are not significant.14

Table 7 Panel B shows adjusted R2 decomposition for each of the explanatory variables

for the four realized volatility portfolios. There is a monotonic increase in the adjusted

R2 attributable to MOIBU while moving from the low realized volatility portfolio to the

high realized volatility portfolio from 0.29% to 0.38% in absolute terms (19.42% to 22.88% in

relative terms). However, there is a slightly U-shaped pattern for the adjusted R2 attributable

to LOB variables in absolute terms and a monotonically decreasing pattern in relative terms

(48.51% to 44.97%). The rest of predictive power comes from surprises in lagged returns.

All in all, I provide evidence that informed traders may prefer market orders to limit

orders at the inner levels of the limit order book for high volatility stocks and limit orders

at the inner levels of the limit order book to market orders for low volatility stocks. In other

words, informed traders are more likely to consume liquidity for high volatility stocks and to

supply liquidity for low volatility stocks.

6. Conclusion

The recent public debates regarding algorithmic traders (and their subset — high-frequency

traders) adversely selecting retail investors highlighted the importance of understanding how

the informed trading is taking place and how it was affected by the emergence of algorithmic

trading. Motivated by this, I investigate the intraday return predictability from informed

market orders and informed limit orders to answer the questions of whether informed traders

14The results are robust for the sub-period analysis.
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choose to act as liquidity suppliers or liquidity demanders and what are the determinants

of their choice. In particular, I study one-minute mid-quote return predictability from the

lagged informed market order flow (measured by surprises in market order imbalances) and

lagged informed limit orders (measured by surprises in depth concentration at the inner and

outer levels of the ask and bid sides of the limit order book).

To the best of my knowledge, I am the first to address this question with such a compre-

hensive data set, which includes one-minute observations for all NYSE-listed common stocks

for the 2002-2010 period. I show that informed limit orders are predictive of intraday returns

beyond the informed market orders. Moreover, the majority of informed trading occurs via

limit orders (as measured by incremental adjusted R2 from predictive regressions). This

result holds for the whole period under consideration as well as for the sub-period analysis.

I also examine the effect of algorithmic trading activity on informed trader’s choice be-

tween market and limit orders. Overall, there is a relative shift from informed liquidity

provision (limit orders) to informed liquidity consumption (market orders) while moving

from stocks with a low presence of algorithmic traders to stocks with a high presence of

algorithmic traders.

In conclusion, informed traders actively use both market orders (consume liquidity) and

limit orders (provide liquidity) with the largest chunk of the informed trading happening via

limit orders. This fact should not be neglected while analyzing the adverse selection effects

on financial markets.
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Appendix. Sample Selection and Data Screens

A1. Sample selection

In this paper, I use two databases to construct my sample: TRTH and CRSP. From

the TRTH database, I obtain trade data, best bid-offer data, and limit order book data for

the U.S. consolidated limit order book for NYSE-listed securities. I use Reuters Instrumen-

tal Codes (RICs), which are identical to TICKERs, to obtain data on common stocks and

primary exchange code from CRSP database (PRIMEXCH=N, and SHRCD=10 or 11, EX-

CHCD =1 or 31). Thus, I focus on all NYSE-listed common stocks that have NYSE as their

primary exchange from 2002 untill 2010. These filters leave me with 2,047 unique TICKERs

in total.

A2. Data Screens

I filter the data following Rösch, Subrahmanyam, and van Dijk (2015). First, I discard

trades, quotes, and limit order book data that are not part of the continuous trading session.

Continuous trading session hours for NYSE are 9:30-16:00 ET and they remain unchanged

during the sample period.

Second, I discard block trades, i.e., trades with a trade size greater than 10,000 shares,

as these trades are likely to receive a special treatment.

Third, I discard data entries that are likely to be faulty. Faulty entries include entries

with negative or zero prices or quotes, entries with negative bid-ask spread, entries with

proportional bid-ask spread bigger than 25%, entries that have trade price, bid price, or ask

price which deviates from the 10 surrounding ticks by more than 10%.

In addition, I require that at least five levels of the limit order book are available in

the end of each one-minute interval. For a stock-day to enter my sample, at least 100 valid

one-minute intervals with at least one trade are required.
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Table 1: Expected signs of the coefficients for two sources of intraday return predictability
This table shows the expected behavior of informed trader conditional on the type of news received (Panel A) as well
as variables and corresponding expected signs of the coefficients under private information and inventory management
hypotheses in the following predictive regression of one-minute mid-quote return with lagged return, lagged market
order imbalance (MOIB), and lagged depth concentration at the inner and outer levels of the ask and bid sides of
the limit order book (LOB: Bid Inner, Bid Outer, Ask Inner, Ask Outer) as explanatory variables (Panel B):

Rett = α+ β1Rett−1 + β2MOIBt−1 + β3Bid Innert−1 + β4Ask Innert−1+

+β5Bid Outert−1 + β6Ask Outert−1 + εt (1)

Panel A: Expected behavior of informed trader

Order type Good news Bad news

Market Buy ×
Sell ×

Limit Bid Inner levels ×
Outer levels ×

Limit Ask Inner levels ×
Outer levels ×

Panel B: Expected signs under inventory management and private information hypothesis

Variable Inventory
Management

Private
Information

Rett−1 NEG NA
MOIBt−1 POS POS
Bid Innert−1 POS POS
Bid Outert−1 NA NEG
Ask Innert−1 NEG NEG
Ask Outert−1 NA POS
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Figure 1: Limit order book composition

This figure shows the equally-weighted average of the depth concentration at the inner and outer levels for the ask
and bid sides of the limit order book for the NYSE-listed common stocks during 2002-2010. Please refer to Table 2 for
detailed variables description. I use the following procedure to construct time-series of the equally-weighted averages of
the variables. First, I winsorize one-minute observations per stock-day at the 1% and 99% levels. Second, the average
of the one-minute observations per stock-day is calculated for each variable. Third, I winsorize daily observations at
the 1% and 99% levels for the whole sample period. Then, the summary statistics across all stock-days are computed
for each variable. Then, I plot one-month moving average of each variable. To be included in the sample, a stock
should have NYSE as its primary exchange. Data on common stocks and primary exchange code are obtained from
CRSP database (PRIMEXCH=N, and SHRCD=10 or 11, EXCHCD =1 or 31). Data on consolidated trades, quotes,
and 10 best levels of the limit order book are provided by TRTH.

Panel A: Depth concentration at the inner and outer levels of the limit order book

Panel B: Cutoff point between inner and outer levels of the limit order book
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Figure 2: NYSE Hybrid Market introduction

This figure shows the staggered way of NYSE Hybrid Market introduction for the stocks included in the analysis
from October 1, 2006 to January 31, 2007. To be included in the sample, a stock should have NYSE as its primary
exchange and have CRSP daily data available for the period from June 2006 to May 2007. Data on common stocks
and primary exchange code are obtained from CRSP database (PRIMEXCH=N, and SHRCD=10 or 11, EXCHCD
=1 or 31). Data on Hybrid introduction are from Terrence Hendershott’s website.
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