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Price Discovery without Trading: Evidence
from Limit Orders
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ABSTRACT

We analyze the contribution to price discovery of market and limit orders by high-
frequency traders (HFTs) and non-HFTs. While market orders have a larger individ-
ual price impact, limit orders are far more numerous. This results in price discovery
occurring predominantly through limit orders. HFTs submit the bulk of limit orders
and these limit orders provide most of the price discovery. Submissions of limit or-
ders and their contribution to price discovery fall with volatility due to changes in
HFTs’ behavior. Consistent with adverse selection arising from faster reactions to
public information, HFTs’ informational advantage is partially explained by public
information.

ACCORDING TO THE TRADITIONAL VIEW of price discovery, trades reveal investors’
private information while market makers’ quotes reflect public information
(see, e.g., Glosten and Milgrom, 1985; Kyle, 1985). Most stock exchanges and
financial markets have evolved into limit order books where there are no des-
ignated market makers and limit orders represent the bulk of activity. The-
oretical models of limit order books study informed traders’ choice between
market orders and limit orders. The market/limit order choice of informed and
uninformed investors determines the nature of price discovery and adverse
selection. In this paper, we use regulatory data that enable the classification
of limit orders and trades by high-frequency traders (HFTs) and non-HFTs
to systematically quantify the contribution to price discovery of market and
limit orders by HFTs and non-HFTs, primarily using a vector autoregression
(VAR; Hasbrouck, 1991a, 1991b, 1995). We then link these results to theoretical
models of limit order books.
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The role of HFTs in adversely selecting non-HFTs is widely debated by aca-
demics, regulators, and investors, with concerns often focusing on HFTs using
market orders to “pick off” stale limit orders (Biais, Foucault, and Moinas,
2015; Budish, Cramton, and Shim, 2015; Foucault, Hombert, and Rosu, 2015;
Foucault, Kozhan, and Tham, 2017). Relatedly, most empirical literature on
price discovery focuses on the contribution of market orders (Hasbrouck, 1991a,
1991b; Brogaard, Hendershott, and Riordan, 2014).1 We find, however, that
HFTs’ limit orders contribute more than twice as much to price discovery as
their market orders. In contrast, non-HFTs’ market orders contribute more
to price discovery than their limit orders. Comparing HFTs to non-HFTs, we
find that HFTs’ market orders are responsible for less price discovery than
non-HFTs’ market orders, while HFTs’ limit orders are responsible for twice as
much price discovery as non-HFTs’ limit orders. Overall, HFTs’ market orders
play a smaller role in price discovery while HFTs’ limit orders play a larger
role.2

Our results show that more aggressive orders have a higher price impact.3

Market orders, the most aggressive order type, have the highest impact, fol-
lowed by orders that change the national best bid and offer (NBBO), orders at
the NBBO, and orders behind the NBBO. Despite their lower individual price
impact, limit orders provide the majority of price discovery because they are
far more numerous: market orders represent less than 5% of messages.4 Indi-
vidual HFT market orders contribute more to price discovery on average than

1 Recent empirical literature examines the contribution of both market orders and limit orders to
price discovery. Among others, Hautsch and Huang (2012) quantify the impact of a limit order using
a cointegrated VAR. Cao, Hansch, and Wang (2009) and Cont, Kukanov, and Stoikov (2014) show
that order imbalances predict future price movements. Fleming, Mizrach, and Nguyen (2017) study
the price impact of market and limit orders in U.S. Treasury bonds using a VAR setup similar to
the one used here. These papers focus on the price impact of individual orders. In contrast, we focus
on decomposing the total amount of price discovery. In addition, our data identifying HFTs allow
us to examine whether orders placed by different traders play different roles in price discovery.

2 These results do not necessarily imply that concerns about HFTs are unwarranted. HFTs’
market orders contribute some to price discovery and adverse selection. HFTs incorporating in-
formation with limit orders can also cause non-HFTs’ limit orders to be adversely selected, which
could in turn lead to excess intermediation if non-HFTs reduce their use of limit orders (Jovanovic
and Menkveld, 2015). However, the relative magnitudes of HFTs’ limit orders and market orders
in contributing to price discovery suggests that HFTs are not primarily using their information in
market orders to adversely select non-HFTs.

3 A number of papers examine HFTs’ trading and price discovery. Brogaard, Hendershott, and
Riordan (2014) show that HFTs contribute to price discovery with market orders by trading in the
direction of future price changes. Carrion (2013) finds that market-wide information is incorporated
into prices quickly on days when HFTs trade more. Conrad, Wahal, and Xiang (2015) find that
high-frequency trading and quoting correlate with more efficient prices. Chaboud et al. (2014)
find that HFTs improve price efficiency through lower return autocorrelations and fewer arbitrage
opportunities. Chordia, Green, and Kottimukkalur (2018) show that high-frequency market orders
impound information quickly following macroeconomic announcements.

4 A message refers to any instruction received by an exchange; a message includes marketable
orders, limit order placements, limit order cancellations, and limit order replacements. A limit
order refers to a nonmarketable instruction received by an exchange; a limit order includes limit
order placements, limit order cancellations, and limit order replacements.
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non-HFT market orders. However, non-HFT market orders are three times
more likely, making them more important overall. HFT limit order submis-
sions and cancellations are both frequent and informative, leading HFT limit
orders to contribute roughly 30% of total price discovery versus roughly 15%
for non-HFTs.

That HFT limit order submissions have a positive price impact is seem-
ingly at odds with the results in Brogaard, Hendershott, and Riordan (2014)
that suggest HFTs’ liquidity-supplying trades have a negative price impact.5

However, the analysis in Brogaard, Hendershott, and Riordan (2014) relies on
executed trades and hence does not capture the effect of limit orders that do
not execute. For example, a limit order to buy will not execute if the price
increases. In this case the limit order contributes to price discovery without
trading. When a limit order executes, in contrast, its price impact is effectively
the opposite of the market order that it executes against. For example, when
a buy market order executes against a sell limit order, on average the efficient
price will increase. This leads to the buy market order having a positive price
impact and the sell limit order having a negative price impact upon execu-
tion. This is why Brogaard, Hendershott, and Riordan (2014) find that HFTs’
liquidity-supplying trades have a negative price impact. The price impact of
limit orders upon submission is the weighted average of the (negative) price
impact of the limit orders that execute and the (positive) price impact of the
limit orders that do not execute. Given that only 5% of limit orders execute, it
is not surprising that the average price impact for executed and nonexecuted
limit orders is positive.

Theoretical models of limit order books provide insights into the roles that
different orders by different traders play in price discovery (e.g., Goettler,
Parlour, and Rajan, 2009 [GPR]; Hoffmann, 2014).6 These models focus on
traders’ choice between market orders and limit orders based on traders’ in-
formation and the state of the limit order book. Limit orders receive rather
than pay the bid-ask spread, but do not execute with certainty. Market orders
always execute, but pay the bid-ask spread. When information is more valu-
able and the spread is narrower, traders prefer market orders to limit orders.

5 Brogaard, Hendershott, and Riordan (2014) show that HFTs contribute to price discovery
with market orders by trading in the direction of future price changes. They also find that HFTs’
liquidity-supplying trades are in the opposite direction of future price changes. Their results are
not necessarily inconsistent with the results presented here. We show that aggressive limit order
submissions and cancellations are associated with positive price impacts at the time of submission.
Brogaard, Hendershott, and Riordan (2014) show that orders submitted by HFTs that are not
subsequently cancelled and that execute against more aggressively priced incoming limit orders
are adversely selected.

6 Other papers examine limit order trading by informed investors, but provide insights less
directly related to HFTs. Kaniel and Liu (2006) theoretically model the order choice of informed
traders. Consistent with GPR, their two-period model finds that informed traders are more likely
to submit limit orders. Bloomfield, O’Hara, and Saar (2005) conduct an experiment that includes
long-lived private information and show that informed trades submit more limit orders. Similarly,
Rosu (2019) shows that informed traders tend to use limit orders for moderate levels of mispricing
and market orders more extreme mispricing.
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Traders with different characteristics face different trade-offs in their order
choice. Traders with no intrinsic motivation to trade (GPR) and fast traders
(Hoffmann, 2014) who can revise their orders more often prefer limit orders
because execution uncertainty is less costly for them and their limit orders face
less adverse selection, respectively. HFTs fit both of these descriptions. These
models are consistent with our empirical finding that HFTs submit the majority
of limit orders.7 Also consistent with our empirical results, GPR and Hoffmann
(2014) find that limit orders play a significant role in price discovery.8

GPR and Hoffmann (2014) study closely related models in which traders
choose between market and limit orders and later-arriving traders observe new
public information.9 While GPR and Hoffmann (2014) find similar results for
limit orders overall and for traders with characteristics shared by HFTs, their
models yield different predictions for how their results vary with volatility.10

An important difference between GPR and Hoffmann (2014) is that in GPR,
investors have different and often large private gains from trade.

The basic trade-off in both models is between the risk of nonexecution and
the adverse-selection risk associated with the submission of limit orders. When
volatility is high, the picking-off risk is higher. Hoffmann’s (2014) fast traders
can avoid being adversely selected by slow traders but cannot submit market
orders profitably. Therefore, fast traders increase their limit order submissions
when volatility is high.11 GPR include investors with large private values and
speculators with zero private value. When volatility is high, extreme private
value investors submit better-priced limit orders to entice speculators to submit
markets orders.12 The speculators in GPR then switch from limit to market
orders. We find that HFTs reduce their use of limit orders when volatility

7 Jovanovic and Menkveld (2015) model a continuously present intermediary that can constantly
revise its limit orders as “public” information arrives. This intermediary (HFT) also submits more
limit orders than market orders.

8 Prior papers empirically examine limit order usage by non-HFT traders. Collin-Dufresne and
Fos (2015) show that one group of informed traders, namely 13D activist investors, use limit orders.
Anand, Chakravarty, and Martell (2005) show that institutions use limit orders. Our results on
non-HFT limit orders contributing to price discovery are consistent with the use of limit orders by
traders with long-lived information. Using the same regulatory data as in our paper, Korajczyk
and Murphy (2019) provide some evidence of informed institutions using limit orders.

9 Foucault (1999) provides many of the basic building blocks in GPR and Hoffmann (2014). For
example, in these models adverse selection arises from the arrival of public information and limits
orders not always being immediately cancelable. However, all traders are the same in Foucault
(1999), which provides limited insight into HFTs and price discovery.

10 Few models examine fast, informed traders’ use of limit or market orders conditional on
volatility. An exception is Baldauf and Mollner (2016). Similar to Hoffmann (2014), their setting
allows traders to increase their trading speed, for a fee. They model a dynamic setting with
information arrivals. Their model suggests that fast, informed traders are more likely to use market
orders when the degree of mispricing is high and limit orders when the degree of mispricing is low.

11 Relative to fast traders, slow traders in Hoffmann (2014) submit relatively more limit orders
than market orders when volatility is high. This is consistent with the model of Foucault (1999), in
which investors are homogeneous and more limit orders are submitted relative to markets orders
when volatility is high.

12 Bloomfield, O’Hara, and Saar (2005) also study volatility and limit orders. They analyze two
types of variability: volatility and extremity. Volatility is captured by the distribution of future
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is high.13 This suggests that modeling richer heterogenity (large, small, and
zero) in the private valuations of trading motives, as in GPR, is important for
understanding HFTs and limit-order markets.

Price discovery switching from limit orders to market orders has implications
for market stability and possible market failure.14 Madhavan (1992) shows
that continuous markets can fail when adverse selection is sufficiently high. If
volatility increases due to greater private information, then market failure is
more likely. If informed liquidity providers switch from limit orders to market
orders when volatility increases, then market failure is even more likely. We
show that HFTs reduce their use of limit orders as volatility increases, which
reduces the contribution of their limit orders to price discovery. When volatility
increases, the market/limit order trade-off between execution speed/certainty
and price increases more in favor of market orders for informed traders than
uninformed traders. This differential trade-off for informed and uniformed
traders raises concerns that endogenous fragility in continuous limit order
books. This question represents an important area for future empirical and
theoretical research.

Prior literature raises several concerns about HFTs. First, a number of the-
oretical papers show that fast traders like HFTs can adversely select slower
traders. For example, Foucault, Hombert, and Rosu (2015), Biais, Foucault,
and Moinas (2015), and Budish, Cramton, and Shim (2015) show that some
traders trading faster on public signals increases information asymmetry.15

Our results lend some support to these concerns. For example, we find that the
larger price impact of HFTs’ orders is explained in part by public information,
such as the state of the limit order book and lagged returns in a correlated
asset (e.g., the TSX 60 exchange traded fund). However, our results also sug-
gest that trading on such public information is not the dominant role of HFTs
in overall price discovery.16 Second, extant work suggests that HFTs could be

values whereas extremity is captured by the distance between the previous price and the future
value. For distributional volatility conditional on extremity, Bloomfield et al. (2005) find no rela-
tionship between limit order submissions and volatility. For their extremity measure of volatility,
Bloomfield et al. (2005) find a negative relationship between volatility and the limit order sub-
missions of informed trades. This suggests that long-lived private information may also be able to
generate the negative empirical correlation between volatility and limit order.

13 Ahn, Bae, and Chan (2001) show that limit order submissions increase subsequent to increases
in transitory volatility.

14 Danielsson, Shin, and Zigrand (2012) and Kirilenko et al. (2017) discuss endogenous extreme
events and the 2010 flash crash. Brogaard, Hendershott, and Riordan (2018) show that the trades
of HFTs supply liquidity more than they demand liquidity during extreme price movements. Unlike
our examination of how HFTs’ limits orders change with volatility, Brogaard, Hendershott, Riordan
(2018) compare levels during extreme price movements without controlling for the relative liquidity
supplied and demanded by HFTs outside of extreme price movements. If HFTs supply liquidity
more than they demand liquidity, which is true in our sample, HFTs could decrease their use
of limit orders as volatility increases while their trades still supply liquidity more than demand
liquidity.

15 For empirical evidence, see Brogaard, Hendershott, and Riordan (2018).
16 Brogaard, Hendershott, and Riordan (2014) find that HFTs’ trading correlates with public

information in past market-wide stock returns and limit order book imbalances. We find that this is
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“front-running” non-HFTs’ orders by detecting large non-HFT orders that are
split over time or across exchanges (Hirschey, 2017; Korajczyk and Murphy,
2019; van Kervel and Menkveld, 2019). We find that HFTs’ orders generally
do not anticipate non-HFTs’ orders in the same direction and that HFTs may
react more quickly to public information. For instance, HFT orders that move
the NBBO negatively predict the same non-HFT orders and non-HFT market
orders at the NBBO. While this finding is consistent with HFTs observing and
reacting to public signals before non-HFTs are able to react, we also show that
the contribution of HFTs’ limit orders to price discovery is not due solely to
their orders arriving only slightly ahead of non-HFTs’ limit orders.

We also examine price discovery for stocks across markets. In particular,
we examine HFTs’ activity and price discovery on each exchange and across
exchanges. As with the market-wide results, we find that HFTs are the predom-
inant channel of price discovery on each exchange through their limit orders.
While significant price discovery occurs within the same second across ex-
changes, the role of HFTs’ limit orders for price discovery is predominant even
when sampling at the one-second frequency and this does not appear to be due
solely to minuscule differences in speed. Finally, HFTs react more to events on
other exchanges than non-HFTs, this is consistent with HFTs integrating in-
formation across markets. While this seems beneficial in a fragmented market,
whether such integration is better than trading on a centralized exchange is
an open question.

The remainder of the paper proceeds as follows. Section I describes the data
and institutional details. Section II documents market-wide activity and price
discovery. Section III provides evidence on within- and across-market activity
and price discovery. Section IV concludes.

I. Data and Institutional Details

Data are provided by the Investment Industry Regulatory Organization of
Canada (IIROC). The data include every message submitted on recognized
equity markets in Canada with masked market IDs, masked participant IDs,
security IDs, date and timestamps to the millisecond, order type, order volume,
and a buy/sell indicator.17 Importantly, the data identify activities across ex-
changes as the masked participant IDs remain constant across days, securities,

true for HFTs’ limit orders submissions as well. Whether to attribute any HFT contribution to price
discovery to private information runs into the deeper issue described in Hasbrouck (1991a, 190):
“the distinction between public and private information is more clearly visible in formal models
than in practice.” Given that HFTs rely only on public information in their trading algorithms, one
can argue that all of their contribution to price discovery is due to public information. However, if
HFTs’ algorithms better interpret public signals (like the short sellers on news days in Engelberg,
Reed, and Ringgenberg, 2012), then it is more difficult to characterize HFTs as incorporating purely
public information.

17 The data are structured similar to the NASDAQ ITCH. They contain every message sent by
each participant to the exchange. The messages include the initial order, cancels, and amendments
to the order. As in the United States, there are a number of different order types, such as hidden
orders and immediate or cancel (IOC) orders, which are flagged in the data. We exclude hidden limit
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and markets. IIROC requires exchanges to report messages in a standardized
format. As such, some order types may be recorded as multiple orders. For
example, modifications are reported to IIROC as both a cancel and a new order.

A. Trading Landscape

Canada has a number of equity markets on which trading is organized.
We identify nine in total and present summary statistics on the three largest
exchanges.18 Trading on these three exchanges makes up more than 98% of the
total trading volume in our sample stocks over our sample period.

Markets in Canada are similar to U.S. markets in that electronic limit or-
der books observe price-time-display priority. Canadian markets differ from
U.S. markets during our sample period in that Canadian markets are less
fragmented, do not allow subpenny trading, and regulate that dark orders im-
prove the price by half of a tick. Orders in Canada during the sample period
are protected via order protection rules (OPR).19 OPR apply to marketplaces
that provide “automated functionality.” Automated functionality includes au-
tomatically displaying and updating the status of each participant’s orders,
as well as immediately and automatically accepting incoming orders, exe-
cuting those orders, and canceling any unexecuted portion of those orders
marked as immediate-or-cancel (IOC). OPR apply only to visible orders and
the visible parts of orders and require marketplaces to implement rules to pre-
vent trade-throughs, that is executing before “immediately accessible, visible,
better-priced limit orders.”

In contrast to Regulation NMS in the United States, Canadian markets
implement full depth-of-book protection. This means that before an order is ex-
ecuted, marketplaces must ensure that all protected orders that are visible at
better price levels have been executed. Canadian regulations also impose best
execution obligations on brokers. These regulations require dealers and advi-
sors “to execute a trade on the most advantageous terms reasonably available
under the circumstances when acting for a client.” See Korajczyk and Murphy
(2019) for additional institutional details.

The Canadian market has seen a dramatic increase in competition for in-
vestor order-flow since 2008. In May of 2007 a consortium of Canada’s largest
banks announced a trading platform designed to compete with the TSX,
called Alpha Trading Systems. Shortly thereafter in December of 2007 Chi-X

orders from the order book construction. IOC orders are included as an order and cancel if they are
not executed, and a trade if they are filled. IIROC receive data with homogenized fields from each
exchange in a format that allows for cross-platform integration. Specifically, exchange data must
follow the Financial Information Exchange (FIX) protocol (http://www.fixtradingcommunity.org/).
Any deviation from the FIX implementation must be approved by IIROC with a regulatory-feed-
compliant solution. The data are timestamped by each exchange. The exchanges are required to
synchronize their clocks with IIROC, which follows the National Research Council Cesium Clock.

18 For an overview of marketplaces as of June 1, 2015, see http://www.iiroc.ca/industry/
marketmonitoringanalysis/Documents/SumCompEquityMarkets_en.pdf.

19 See http://www.osc.gov.on.ca/en/Marketplaces_order-protection_index.htm.

http://www.fixtradingcommunity.org/
http://www.iiroc.ca/industry/marketmonitoringanalysis/Documents/SumCompEquityMarkets_en.pdf
http://www.iiroc.ca/industry/marketmonitoringanalysis/Documents/SumCompEquityMarkets_en.pdf
http://www.osc.gov.on.ca/en/Marketplaces_order-protection_index.htm
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announced their intention to commence trading in selected Canadian stocks on
February 20, 2008. In response TSX rolled out new trading technology (TSX
Quantum) to all TSX-listed stocks. In 2012 TSX’s parent company, the Maple
Group, purchased Alpha and now operates Alpha as a separate exchange within
the TMX group of exchanges.

B. Sample

Our sample comprises the 15 securities that are part of the TSX 60, the
primary Canadian equity index, at the end of 2014 that are not cross-listed
in the United States; the other 45 stocks in the TSX 60 are cross-listed. We
exclude cross-listed stocks as we cannot measure message activity that occurs
off Canadian exchanges in the same way. In addition, cross-listed stocks may
have different properties (Bacidore and Sofianos, 2002). Table I reports descrip-
tive statistics for the sample stocks: market capitalization, share price, trade
size, number of trades, number of shares traded, dollar volume traded, NBBO
quoted half-spread, % HFT, % HFT demand, % HFT supply, and the standard
deviation of returns. The average market capitalization from October 15, 2012
to June 28, 2013, the sample period, is Market Cap,20 while the daily standard
deviation of stock returns based on end-of-day prices during the sample pe-
riod is Std. Dev. of Returns. Market capitalization and the standard deviation
of stock returns are based on data from Datastream. All other variables are
reported as stock-day averages during the sample period using IIROC data.
Table I includes activities from all exchanges, whereas the remaining tables
include observations only from the three largest exchanges.

The firms in our sample have market capitalization that ranges from
$1.95 billion CAD to more than $28 billion CAD. Share prices vary between $20
and $76, with the exception of Bombardier, with a price of $4.00. The stocks in
our sample are actively traded with between $11.84 million and $70.97 million
traded per stock-day. The stocks are relatively liquid with quoted half-spreads
between 1.38 and 12.64 basis points.

C. HFT Classification

We classify trader IDs as HFTs using the following criteria over the entire
sample period:

(i) make up more than 0.25% of trading volume;
(ii) have an end-of-day inventory of less than 20% of their trading volume;

and

20 The sample starting date is just after Canadian regulators began requiring dark liquidity
provision to improve on the best displayed prices by at least 1 cent, or 1/2 cent if the displayed
spread is 1 cent. To examine whether our results are sensitive to slow adjustment to this regulatory
change, Internet Appendix Tables AII to AVI repeat the main analyses for the 2013 subsample and
show economically similar results. The Internet Appendix is available in the online version of the
article on the Journal of Finance website.



Price Discovery without Trading 1629

T
ab

le
I

D
es

cr
ip

ti
ve

S
ta

ti
st

ic
s

T
h

e
ta

bl
e

re
po

rt
s

su
m

m
ar

y
st

at
is

ti
cs

fo
r

th
e

15
n

on
cr

os
s-

li
st

ed
st

oc
ks

in
th

e
T

S
X

60
.T

h
e

sa
m

pl
e

pe
ri

od
is

fr
om

O
ct

ob
er

15
,2

01
2

to
Ju

n
e

28
,2

01
3.

T
ic

ke
r

is
th

e
ti

ck
er

.
M

ar
ke

t
C

ap
.

is
th

e
av

er
ag

e
m

ar
ke

t
ca

pi
ta

li
za

ti
on

fr
om

D
at

as
tr

ea
m

,
in

bi
ll

io
n

s
of

C
an

ad
ia

n
do

ll
ar

s.
S

h
ar

e
P

ri
ce

is
th

e
av

er
ag

e
tr

ad
ed

st
oc

k
pr

ic
e.

Tr
ad

e
S

iz
e

is
th

e
av

er
ag

e
tr

ad
e

si
ze

in
do

ll
ar

s.
N

u
m

be
r

of
Tr

ad
es

is
th

e
av

er
ag

e
n

u
m

be
r

of
tr

ad
es

,i
n

th
ou

sa
n

ds
.N

u
m

be
r

of
S

h
ar

es
Tr

ad
ed

is
th

e
av

er
ag

e
n

u
m

be
r

of
sh

ar
es

tr
ad

ed
,i

n
th

ou
sa

n
ds

.D
ol

la
r

Vo
lu

m
e

Tr
ad

ed
is

th
e

n
u

m
be

r
of

sh
ar

es
tr

ad
ed

m
u

lt
ip

li
ed

by
th

e
st

oc
k

pr
ic

e,
in

m
il

li
on

s
of

do
ll

ar
s.

N
B

B
O

Q
u

ot
ed

H
al

f-
S

pr
ea

d
is

th
e

ca
le

n
da

r
ti

m
e

w
ei

gh
te

d
on

e-
h

al
fq

u
ot

ed
di

ff
er

en
ce

be
tw

ee
n

th
e

n
at

io
n

al
be

st
bi

d
an

d
th

e
n

at
io

n
al

be
st

as
k

pr
ic

e,
in

ba
si

s
po

in
ts

.%
H

F
T

is
th

e
do

u
bl

e-
si

de
d

do
ll

ar
vo

lu
m

e
pe

rc
en

ta
ge

of
tr

ad
es

by
a

h
ig

h
-f

re
qu

en
cy

tr
ad

er
(H

F
T

).
%

H
F

T
D

em
an

d
is

th
e

do
ll

ar
vo

lu
m

e
pe

rc
en

ta
ge

of
tr

ad
es

in
w

h
ic

h
an

H
F

T
is

th
e

li
qu

id
it

y
ta

ke
r.

%
H

F
T

S
u

pp
ly

is
th

e
do

ll
ar

vo
lu

m
e

pe
rc

en
ta

ge
of

tr
ad

es
in

w
h

ic
h

an
H

F
T

is
th

e
li

qu
id

it
y

pr
ov

id
er

.S
td

.D
ev

.o
f

R
et

u
rn

s
is

th
e

st
an

da
rd

de
vi

at
io

n
of

th
e

da
il

y
re

tu
rn

s
fo

r
th

e
st

oc
k,

in
pe

rc
en

t.

M
ar

ke
t

C
ap

.(
$

B
il

li
on

)
S

h
ar

e
P

ri
ce

Tr
ad

e
S

iz
e

N
u

m
be

r
of

Tr
ad

es
(‘0

00
)

N
u

m
be

r
of

S
h

ar
es

Tr
ad

ed
(‘0

00
)

D
ol

la
r

V
ol

u
m

e
Tr

ad
ed

($
M

il
li

on
)

N
B

B
O

Q
u

ot
ed

H
al

f-
S

pr
ea

d
(b

ps
)

%
H

F
T

%
H

F
T

D
em

an
d

%
H

F
T

S
u

pp
ly

S
td

.D
ev

.o
f

R
et

u
rn

s
(%

)
T

ic
ke

r
(1

)
(2

)
(3

)
(4

)
(5

)
(6

)
(7

)
(8

)
(9

)
(1

0)
(1

1)

A
R

X
$8

.0
0

$2
5.

59
$4

,8
54

5.
47

1,
05

3.
84

$2
6.

91
2.

72
21

.6
%

15
.0

%
28

.1
%

1.
23

A
T

D
.B

$1
0.

03
$5

3.
40

$1
0,

51
7

2.
28

44
6.

81
$2

4.
03

4.
07

17
.4

%
22

.9
%

12
.0

%
1.

17
B

B
D

.B
$6

.9
5

$4
.0

0
$4

,8
75

10
.1

4
12

,6
97

.7
1

$5
0.

42
12

.6
4

30
.1

%
19

.5
%

40
.6

%
2.

00
C

O
S

$9
.9

0
$2

0.
43

$4
,7

65
9.

13
2,

12
9.

80
$4

3.
52

2.
52

24
.9

%
14

.4
%

35
.4

%
1.

27
C

T
C

.A
$6

.7
7

$7
2.

35
$1

4,
82

1
1.

67
34

3.
34

$2
5.

12
4.

37
15

.3
%

19
.1

%
11

.6
%

1.
51

F
M

$1
0.

95
$1

9.
77

$5
,3

83
13

.4
1

3,
65

6.
19

$7
0.

97
2.

92
18

.4
%

14
.2

%
22

.7
%

2.
71

F
T

S
$6

.9
6

$3
3.

63
$6

,9
43

3.
91

79
1.

23
$2

6.
52

1.
84

23
.5

%
13

.9
%

33
.2

%
0.

77
H

S
E

$2
8.

74
$2

9.
24

$6
,3

07
7.

28
1,

54
5.

42
$4

5.
27

2.
18

24
.4

%
19

.0
%

29
.8

%
1.

28
L

$1
1.

62
$4

1.
10

$9
,7

38
2.

99
78

3.
63

$3
3.

09
2.

89
12

.1
%

11
.4

%
12

.8
%

1.
56

M
R

U
$1

.9
5

$5
2.

49
$1

0,
17

5
2.

11
3.

97
$2

0.
87

4.
11

16
.1

%
16

.6
%

15
.6

%
0.

85
N

A
$1

2.
46

$7
6.

46
$1

4,
21

7
4.

31
79

7.
08

$6
0.

71
1.

38
21

.4
%

18
.7

%
24

.1
%

0.
62

P
O

W
$1

2.
10

$2
6.

28
$6

,2
10

5.
25

1,
22

4.
45

$3
2.

39
2.

17
23

.0
%

14
.4

%
31

.6
%

0.
92

S
A

P
$9

.6
1

$4
8.

92
$1

1,
08

8
1.

99
42

1.
56

$2
0.

79
3.

81
20

.3
%

23
.0

%
17

.7
%

0.
97

S
N

C
$6

.4
5

$4
2.

50
$1

0,
06

6
3.

22
75

6.
68

$3
2.

31
3.

70
14

.4
%

16
.4

%
12

.3
%

1.
54

W
N

$9
.3

5
$7

2.
98

$1
2,

76
6

0.
91

16
0.

60
$1

1.
84

5.
77

15
.8

%
22

.2
%

9.
5%

1.
08

A
ve

ra
ge

$1
0.

12
$4

1.
28

$1
1,

63
7

4.
94

1,
78

7.
49

$3
4.

98
3.

81
19

.9
%

17
.4

%
22

.5
%

1.
30



1630 The Journal of Finance R©

(iii) never hold more than 30% of their daily trading volume at one time
within the trading day.

The methodology uses similar trade and inventory characteristics as
Kirilenko et al. (2017), who also categorize traders as HFTs based on data-
driven criteria. While there is no commonly accepted definition for all char-
acteristics of HFTs, these criteria capture an important aspect of HFTs: they
are relatively large short-term speculators. Small HFTs or HFTs that hold
larger positions would be classified as non-HFTs. Other strategies that could
be thought of as corresponding to HFTs, for example, arbitraging between the
cash and futures market where offsetting positions are often held overnight,
could also be incorrectly characterized as corresponding to non-HFTs. In addi-
tion, trading firms can have multiple IDs. If HFT firms split their trading across
IDs, such that the individual IDs fail to meet our criteria but the aggregation
across all firm IDs would meet the criteria, then our approach would incor-
rectly identify those IDs as non-HFT. Any misclassifications would attenuate
the differences between HFTs and non-HFTs. We identify 61 HFT IDs from the
1,706 IDs in the Canadian market. Each stock-day an average of 13.06 HFT
IDs are active while 185.36 non-HFTs are active. When HFTs are active in a
stock, they trade on average on 2.06 exchanges per stock-day.

Table I shows that HFT participation varies across the sample of stocks,
ranging from 12.1% to 30.1%. HFT liquidity demand and supply participation
in trades are not evenly distributed, ranging from 11.4% and 23.0% for demand
and 9.5% and 40.6% for supply. HFTs generally supply more liquidity than they
demand in our sample, but there is variation across stocks, suggesting that HFT
strategies may also vary across stocks.

Table II reports statistics on HFT and non-HFT participants. The average
HFT is more active in terms of message activity, trades, and shares and volume
traded, and has a higher message-to-trade ratio.21 Overall, HFTs hold less
inventory throughout and at the end of the trading day. HFTs hold considerably
less inventory than their trading would imply.

HFTs on average submit 15 times as many messages (4,450 vs. 290) and trade
six times more often (240 vs. 41) than non-HFTs. HFTs’ order-to-trade ratio is
more than twice that of non-HFTs (65 vs. 27), and HFTs’ average trade size is
less than one-sixth the size of non-HFTs’ trades ($5,664 vs. $37,532). Overall,
we find that HFTs exhibit small trade sizes, high order-to-trade ratios, and
other commonly accepted characteristics of HFTs, which provides support for
our classification approach.

We also compile inventory statistics to better understand how HFTs and
non-HFTs manage their inventory.22 We report the absolute value of the end-
of-day inventory/dollar volume traded for the given stock-day, the absolute
value of the maximum inventory observed/dollar volume traded for the stock-
day, and the number of days on which the absolute value of the end-of-day

21 These values may be sensitive to outliers. See Internet Appendix Table AI for Table II de-
scriptive statistics based on median values rather than means.

22 The inventory measure assumes that each ID begins each day with a zero position.
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Table II
Trader Type Statistics

The table reports stock-day-participant (HFT and non-HFT) average trading, orders, and positions
for individual HFT and non-HFTs for the 15 non-cross-listed stocks in the TSX 60. The sample
period is from October 15, 2012 to June 28, 2013. Number of Messages is the number of orders,
order cancels, and order amends that a trader places. Number of Trades is the number of trades
(marketable orders) conducted by a trader. Number of Shares Traded is the number of shares traded
by a trader. Dollar Volume (DV) Traded is the number of shares traded by a trader multiplied by
the share price. Message-to-Trade Ratio is the number of messages deployed for each trade by a
trader. DV Traded/Total DV Traded is the dollar volume traded by a trader scaled by the total
dollar volume traded on that stock-day. Abs(EoD Inv.)/DV Traded is the absolute value of a trader’s
end-of-day dollar volume inventory scaled by that trader’s dollar volume traded. Abs(Max Intra.
Inv.)/DV Traded is the trader’s absolute value of the maximum intraday dollar volume inventory
position scaled by that trader’s dollar volume traded. % of days with Abs(EoD Inv)/DV Traded <
3% is the percentage of stock-day-trader observations with Abs(EoD Inv.)/DV Traded less than
3%. Average DV Trade Size is the average dollar volume size of a trade. Number of Participants is
the average number of traders in each stock-day.

HFT Non-HFT
(1) (2)

Number of Messages (thousand) 4.45 0.29
Number of Trades 239.58 41.05
Number of Shares Traded (thousand) 68.96 17.44
Dollar Volume (DV) Traded ($million) $1.03 $0.35
Message-to-Trade Ratio 64.74 27.01
Number of Messages/Total Messages 2.81% 0.21%
DV Traded/Total DV Traded 1.51% 0.46%
Abs(EoD Inv)/DV Traded 10.68% 69.82%
Abs(Max Intra. Inv.)/DV Traded 17.99% 79.63%
% of days with Abs(EoD Inv)/DV Traded < 3% 50.21% 6.64%
Average DV Trade Size $5,663.56 $37,531.60
Number of Participants 13.06 185.36

inventory/dollar volume traded is below 3%. For all inventory statistics, HFTs
hold less inventory relative to their trading volume at the end of the day,
11% versus 70%, and have lower intraday maximums, 18% versus 80%. HFTs’
inventories are consistent with short-run speculators closely managing risk.

To begin our analysis of the overall activities of HFTs and non-HFTs, in
Table III we report the frequency of messages by participant type, order type,
and aggressiveness. Limit order aggressiveness is determined relative to the
NBBO: marketable limit orders (trades) that change the NBBO and those
that do not, limit orders and cancels that move the NBBO, limit orders and
cancels at the NBBO, limit orders and cancels one tick behind the NBBO, and
limit orders and cancels more than one tick behind the NBBO. On the average
stock-day, 72,466 orders, including trades and cancelations, are placed. Table II
shows that individual HFTs are much more active, but the large number of
non-HFTs results in HFTs comprising roughly half (53%) of aggregate message
activity.23

23 Tables I and II correspond to the full sample. See Table III and thereafter the sample that
meets our requirements for the VAR in Tables IV and V.
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Table III
Message Frequency

The table reports the frequency of orders by type-aggressiveness broken down by participant for
the 15 noncross-listed stocks in the TSX 60. The sample period is from October 15, 2012 to June
28, 2013. This analysis considers all messages on the three exchanges by HFTs and non-HFTs
that are Trades, Orders, or Order Cancels. Trade - Change Price captures trades that consume
liquidity beyond the NBBO. Trade - Same Price captures trades that do not consume liquidity
beyond the NBBO. Improving Order captures orders that move the NBBO. Order Placement at
NBBO captures orders at the NBBO. Order 1 tick from NBBO captures orders one cent away
from the NBBO. Order > 1 tick from NBBO captures orders more than one cent away from the
NBBO. For cancels, the analogous definitions apply. Total Number of Observations is the number
of observations on all three exchanges on the average stock-day.

HFT Non-HFT
(1) (2)

Trade - Change Price 0.21% 0.28%
Trade - Same Price 0.76% 3.40%
Improving Order 2.15% 1.29%
Worsening Cancel 0.89% 0.63%
Order Placement at NBBO 14.88% 8.45%
Order Cancel at NBBO 12.42% 5.44%
Order 1 tick from NBBO 3.85% 1.55%
Cancel 1 tick from NBBO 4.61% 2.56%
Order > 1 tick from NBBO 6.33% 9.88%
Cancel > 1 tick from NBBO 7.33% 13.09%

Total Number of Observations 72,466

Limit order submissions are the most frequent messages, making up 48%,
with cancellations making up 47%. Market orders, the focus of most of the
literature on price discovery, make up less than 5% of all activity. Activity at
and better than the NBBO makes up roughly 50% of overall activity. HFTs are
more active at best prices, making up 60% of total activity, and less active than
non-HFTs at prices at least one tick from the NBBO, 22% versus 27%. Activity
that moves the NBBO is likely important for price discovery, but makes up only
5% of all market activity: 0.5% market orders, 3.4% limit order submissions,
and 1.5% limit order cancellations. Order from HFTs that move the NBBO
are almost twice as frequent as the same orders from non-HFTs, 2.15% versus
1.29%. The remaining 95% of activity does not change prices. Below we show
that these orders do not play an important role in price discovery.

II. Market-Wide Price Discovery

To investigate how different messages impact price discovery, we use Flem-
ing, Mizrach, and Nguyen’s (2017) extension of Hasbrouck (1991a). The VAR
model estimates movements in the efficient price using past price move-
ments and the arrivals and cancellations of new orders. More specifically,
the model dynamically estimates the relation between order submissions and
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cancellations and future movements in the efficient price.24 Causal interpreta-
tions in the VAR come from the ordering of events in time and do not account
for possibly small time differences in reporting across exchanges. In Section III
we examine calendar-time measures of price discovery that are less sensitive to
such small time differences. The VAR incorporates trades and limit order activ-
ity, both submissions and cancellations, at various price levels into the standard
price discovery VAR. We extend this model further by separating HFTs’ and
non-HFTs’ activity. For each stock-day, the VAR model that we estimate is:
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where α is the coefficient on the midpoint return series, r, lagged one to five pe-
riods and β is the coefficient on the 20 limit order and trade variables, X1 − X20.
Note that contemporaneous events can cause price changes: the return equa-
tion includes contemporaneous and five lag values of the limit order and trade
variables, whereas the remaining VAR equations do not include contempora-
neous terms.

The VAR is in event time, t, with each message being an observation. The 20
X variables are as follows: HFT Trade – Change Price, HFT Trade – Same Price,
HFT Improving Order, HFT Worsening Cancel, HFT Order Placement at NBBO,
HFT Cancel at NBBO, HFT Order 1 tick from NBBO, HFT Cancel 1 tick from
NBBO, HFT Order> 1 tick from NBBO, HFT Cancel> 1 tick from NBBO, non-
HFT Trade – Change Price, non-HFT Trade – Same Price, non-HFT Improving
Order, non-HFT Worsening Cancel, non-HFT Order Placement at NBBO, non-
HFT Cancel at NBBO, non-HFT Order 1 tick from NBBO, non-HFT Cancel 1
tick from NBBO, non-HFT Order > 1 tick from NBBO, and non-HFT Cancel >
1 tick from NBBO. The HFT named variables capture directional activity by

24 Brogaard, Hendershott, and Riordan (2014) use a state-space model, similar to our VAR.
The state-space model decomposes prices into permanent and transitory components and relates
changes in both to trading variables. The state-space model is computationally and econometrically
too complex to estimate on trade and quote variables as in our setup. The VAR allows for similar
interpretation without explicitly modeling transitory price movements but including limit order
submissions and cancellations.
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HFT firms, and the non-HFT variables capture directional activity by non-HFT
firms. Below we use “activity” and “directional activity” interchangeably. The
Trade variables take the value of +1 for buyer-initiated trades, −1 for seller-
initiated trades, and 0 otherwise. The Order variables take the value of +1
for bids placed at the NBB, −1 for offers placed at the NBO, and 0 otherwise.
The Order 1 tick from NBBO variables take the value of +1 for bids placed at
one cent from the NBB, −1 for offers placed at one cent from the NBO, and
0 otherwise. The Order > 1 tick from NBBO variables take the value of +1
for bids placed at greater than one cent from the NBB, −1 for offers placed at
greater than one cent from the NBO, and 0 otherwise. For cancels, analogous
definitions apply, with signs such that cancels at the bid take the value −1 and
cancels at the offer take the value +1.

The observations include all displayed orders between 9:45 a.m. EST and
3:45 p.m. EST. To be included, a stock-day must have at least 20 nonzero obser-
vations of each variable. This eliminates 34 stock-days. The impulse response
function (IRF) is orthogonalized and order-independent, and reports the fore-
casted midpoint return in basis points after a +1 (buy event for orders and
trades, sell event for cancels). The IRF is cumulative over the following 20
events. The VAR is estimated for each stock-day. The averages of these stock-
day IRF estimates are reported in basis points. For HFTs and non-HFTs a *
(**) next to the coefficient indicates that on average the coefficient differs from
zero and is statistically significant at the 5% (1%) level. In the “Difference”
column, a * (**) next to the value indicates that the difference between the
HFT and non-HFT coefficients is statistically significant at the 5% (1%) level.
Throughout the paper, standard errors are clustered by stock-day to control for
contemporaneous correlation across stocks and autocorrelation within stocks
as in Thompson (2011).

To obtain IRFs we invert the VAR into its vector moving average represen-
tation. We calculate the IRFs for an unexpected buy message to measure its
impact on returns. The return IRFs capture all types of messages’ price im-
pact, often referred to as the contribution to price discovery or the information
content of a message/order (event).

The VAR linearly models the dynamics between all order types and returns.
The IRFs capture the impact that innovations in orders have on subsequent
orders and returns. Modeling the dynamics enables proper measurement of
the sequence of events. For example, suppose that some negative news arrives.
HFTs immediately race to pick off stale bid orders. The first successful HFT
picks off all mispriced buy limit orders with a single sell market order. Then
other HFTs update their ask orders to quickly gain priority at new (lower)
prices in the limit order book. The initial sell market order leads to an imme-
diate price change by executing against all orders at the bid. The subsequent
new orders at the ask also cause a price change. The return IRF aggregates
immediate and predictable responses to the initial sell market order. Hence,
both the immediate price change and the lagged price change are attributed to
the market order. The price change due to the predictable limit orders is not
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Table IV
Return Impulse Response Function

The table reports stock-day average return impulse response functions (IRFs) from a vector-
autoregression (VAR) for the 15 non-cross-listed stocks in the TSX 60. The sample period is from
October 15, 2012 to June 28, 2013. There is one equation for each of the variables listed in the
table, for each HFT and non-HFTs, and the midpoint NBBO midpoint return. The VAR is in event
time, where every message is an observation. Trade - Change Price takes the value of +1 for
buy-initiated trades (sell-initiated trades, −1, are defined analogously) that consume all depth at
the NBO. Trade - Same Price takes the value of +1 for buy-initiated trades that do not consume
all depth at the NBO. Improving Order takes the value of +1 (−1) for bids (offers) placed inside
the NBB (NBO). Order Placement at NBBO takes the value of +1 for bids placed at the NBB, −1
for offers placed at the NBO, and 0 otherwise. Order 1 tick from NBBO takes the value of +1 for
bids placed one cent from the NBB, −1 for offers placed one cent from the NBO, and 0 otherwise.
Order > 1 tick from NBBO takes the value of +1 for bids placed more than one cent from the
NBB, −1 for offers placed at more than one cent from the NBO, and 0 otherwise. For cancels, the
analogous definitions apply with signs such that cancels at the bid take the value −1 and cancels
at the offer take the value +1. Observations include all displayed messages between 9:45 a.m. EST
and 3:45 p.m. EST. The IRF is cumulative over 20 events. For HFTs and non-HFTs, a * (**) next
to the coefficient indicates that the coefficient is statistically different from zero at the 5% (1%)
significance level using standard errors clustered by stock and by day. In the “Difference” column,
* (**) next to the coefficient indicates that the HFTs and non-HFTs coefficients are statistically
different from each other at the 5% (1%) significance level using standard errors clustered by stock
and by day.

HFT Non-HFT Difference
(1) (2) (3)

Trade - Change Price 3.25** 2.99** 0.26**

Trade - Same Price 1.00** 0.72** 0.28**

Improving Order 1.56** 1.12** 0.44**

Worsening Cancel 2.00** 2.20** −0.20**

Order Placement at NBBO 0.17** 0.14** 0.03**

Order Cancel at NBBO 0.01** −0.03** 0.04**

Order 1 tick from NBBO 0.03** 0.04** −0.01**

Cancel 1 tick from NBBO 0.01** −0.01** 0.02**

Order > 1 tick from NBBO −0.11** −0.01** −0.10**

Cancel > 1 tick from NBBO 0.02** 0.01** 0.01**

attributed to the limit order because the limit orders are not a “surprise” or
innovation in the VAR system.

Table IV reports the estimates of the return IRFs from the VAR and can
be interpreted as the average permanent price impact of an order type, ag-
gressiveness, and participant combination. Orders generally have a positive
permanent price impact. Trades that move the NBBO have the highest price
impact, followed by limit orders and cancels that move the NBBO. Market or-
ders that move the NBBO are limit orders priced aggressively with enough size
to consume all liquidity at the best price.

Activity behind the best prices contributes relatively little to price discovery
on average. HFT and non-HFT orders greater than one tick behind the NBBO
both have a negative price impact. This is likely due to order submission geared
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toward establishing limit order book priority. If the market is likely to tick in
the direction of the submitted order, for example, the market moves up after a
sell limit order is submitted, the order will have a negative price impact, but will
also have time priority in the limit order book.25 Under this interpretation, the
order does not cause the price movement, rather it predicts the price movement.
This seems to be fairly prevalent. It does not imply that randomly placed orders
away from the inside have negative price impact, or even zero price impact.
Rather, it implies that orders are placed away from the inside when prices
are about to move toward the order, increasing its likelihood of execution, for
example, price declines after a buy limit order is placed below the best bid
price.

HFTs’ directional activity generally moves prices more than non-HFTs’ ac-
tivity. Column (3) reports differences between HFT and non-HFT IRFs in
basis points. Consistent with previous studies on HFTs and price discovery
(Brogaard, Hendershott, and Riordan, 2014), we find that HFTs’ market orders
move prices more than the market orders of non-HFTs. Orders that move the
NBBO also contribute considerably to price discovery. HFTs’ limit order sub-
missions that move the NBBO move prices by 1.56 basis points on average,
whereas the same order for non-HFTs moves prices by 1.12 basis points. With
the exception of cancellations that move the NBBO and activity behind the best
prices, HFTs’ orders impact prices more than do non-HFTs’ orders.

It is unclear, however, what makes an average HFT order more informative
than an average non-HFT order. Similar orders should have similar price im-
pacts conditional on placement in the limit order book. Potential explanations
are that HFTs use market data to learn when prices are likely to move (e.g.,
the depth at the best bid and ask prices is not equal), or may react faster to
common information (e.g., the futures or ETF price moves). Both possibilities
could lead to higher price impacts. HFTs learning from market data could lead
them to trade more when price impacts are higher than average. HFTs reacting
faster to common signals would lead their orders to have a higher price impact
than slower subsequent orders from non-HFTs. We explore these possibilities
below.

The VAR estimates used in Table IV also generate IRFs to explain how
innovations in buy and sell messages predict the direction of subsequent buy
and sell messages within and across order types and participant types. These
IRFs provide evidence on the responses of HFTs and non-HFTs to market
activity. As in Table IV, Table V reports the average stock-day IRF estimates.

The rows in Table V correspond to the message variable being shocked by
one unit. The columns correspond to participant and message responses. For
instance, the “Trade�NBBO HFT” row provides IRF estimates for how all HFT
and non-HFT message types respond to an HFT buy trade that changes the
NBBO. Table V presents the diagonal effects, as in Biais, Hillion, and Spatt
(1995), which show that orders follow similar orders. Summing the columns

25 Cancels by non-HFT at the NBBO and one tick behind the NBBO also have negative price
impacts; Table VI explores possible explanations.
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across rows shows that HFTs’ response to market activity is greater than that
of non-HFTs. HFTs respond more to their own activity than to the activity of
non-HFTs and more than non-HFTs respond to the activity of other non-HFTs.
HFT activity predicts almost no additional activity from non-HFTs. That HFTs
closely monitor market activity is consistent with the predictions of GPR in that
speculators’ order submission strategies are more sensitive to market activity
than are non-speculators’ order submission strategies.

Activity across market participants can be positively correlated for several
reasons (Biais, Hillion, and Spatt, 1995). First, investors may react to com-
mon signals but with different speeds. Second, HFTs could be front-running
non-HFTs’ orders by detecting large non-HFT orders that are split over time or
across exchanges (Hirschey, 2017; van Kervel and Menkveld, 2019; Korajczyk
and Murphy, 2019). In both of these cases, slower investors will follow faster
investors using the same order type. Third, investors may learn from one an-
other. In an anonymous market, learning should be symmetric across investor
types, for example, HFTs learn the same from HFTs’ and non-HFTs’ orders. The
sequencing of order activity and its symmetry across HFTs and non-HFTs shed
some light on how to disentangle learning from reacting to common signals
with different speeds or quasi-front-running.

Table V shows that non-HFT activity mostly follows previous non-HFT ac-
tivity but does not follow HFT activity. HFT activity follows both HFT and
non-HFT activity but HFTs’ orders do not generally anticipate non-HFTs’ or-
ders in the same direction. We find some evidence that HFTs may react more
quickly to public information. For instance, HFT orders that move the NBBO
negatively predict the same non-HFT orders and non-HFT market orders at
the NBBO. While these types of problematic behavior do not represent the ma-
jority of HFTs’ activity, this does not imply that HFTs never adversely select
non-HFTs or quasi-front run their orders. HFT activity following the activ-
ity of HFTs and non-HFTs is also consistent with HFTs learning from other
participants.

The largest difference in return IRFs between HFTs and non-HFTs from
Table IV is for limit order submissions that move the NBBO (0.44 basis point
difference). This could arise from HFTs’ orders improving the NBBO by a
greater amount or from HFTs’ orders predicting future activity that will move
the NBBO further. An intuitive way to compare the response to HFTs’ orders
that move the NBBO and the same orders for non-HFTs is to sum across the
largest three response coefficients for each. For an HFT’s order that moves the
NBBO, this leads to the following (largest) responses: an HFT order that moves
the NBBO (0.22 basis points), an HFT order at the NBBO (0.65 basis points),
and a non-HFT order at the NBBO (0.18 basis points), for a total response
of 1.05 basis points of additional activity. The same for a non-HFT leads to
the following (largest) responses: an HFT order that moves the NBBO (0.37),
a non-HFT trade at the NBBO (0.21), and a non-HFT order that moves the
NBBO (0.39), for a total response of 0.97 basis points of additional activity.
The difference is not large but may partially explain the larger price impacts
of HFT orders that move the NBBO.
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The linear system of the VAR limits the structure of interdependency in
the system dynamics. To further understand the role of HFTs’ and non-HFTs’
orders in price discovery, we use a related approach that simply measures
the price movement following an order. This price impact can be calculated
for different message types conditional on some sources of public information,
market conditions, and order sequences. Comparing the unconditional and
conditional relative price impacts of HFTs’ and non-HFTs’ orders demonstrates
the extent to which HFTs’ higher price impact stems from things that can be
thought of as public information.

Table VI reports averages of ordinary least squares (OLS) regressions of the
10-second signed price impacts (in basis points) performed for each stock-day
on all messages that change or are at the NBBO. Signed price impacts capture
the change in the midpoint in the direction of the order over the 10 seconds
following the time the order hits the order book, and provide an intuitive way
to understand how orders affect prices. For instance, if the midpoint for a $10
stock increases (decreases) by $0.10 after 10-seconds after the entry of a limit
buy (sell) order, that order would be associated with a 100 basis point price
impact. Midpoints that move in the opposite direction of placed orders have a
negative price impact. Table IV shows that orders behind the best price in the
order book have a low price impact. To simplify presentation and exposition,
these orders are excluded from Table VI.

The first two columns of Table VI report the price impact results for “Trades.”
The next two columns report results for new “Orders” and the last two columns
for “Order Cancels.” HFT takes the value of 1 if an HFT placed the message, and
zero otherwise. The variables in our analysis are as follows: Order Size is the
number shares, Stock Volatility is the absolute value of the previous 10-second
stock return (in percent), XIU Volatility is the absolute value of the previous 10-
second return of the TSX 60 exchange-traded fund, XIU (in percent), Relative
Spread is the stock’s contemporaneous bid-ask spread divided by the midpoint
price (in percent), Lag Stock Return (1–10 second) is the signed 10-second
lagged stock return (in percent), Lag XIU Return (1–10 second) is the signed
10-second lagged XIU return (in percent), Limit Order Book Imbalance is the
stock’s contemporaneous signed limit order book imbalance defined as (depth at
best bid price – depth at best ask price)/(depth at best bid price + depth at best
ask price) for buy messages and the negative of this value for sell messages. In
addition, we include Hidden Order, which plays two roles depending on whether
the column is for trades or new orders26: Hidden Order takes the value of 1
if the message was a hidden order in the “Order” column and or if the trade
executes against a hidden order in the “Trade” column, and zero otherwise. A
trade executing against a hidden order can be thought of as the trade being
executed in different market conditions as hidden orders may be predictable.
We next include Change NBBO, the immediate change (in basis points) in the
NBBO due to the message. This variable controls for the possibility that HFTs

26 Hidden orders represent a relatively small portion of orders submitted (5.27%), cancelled
(3.15%), and executed (6.53%).
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Table VI
Simple Price Impacts

The table reports averages of OLS regressions on the 10-second signed price impacts (in basis
points) for each stock -day on all messages that change or are at the NBBO for the 15 noncross-
listed stocks in the TSX 60. The sample period is from October 15, 2012 to June 28, 2013. Columns
(1) and (2) are for Trades, columns (3) and (4) are for Orders, and columns (5) and (6) are for Order
Cancels. HFT takes the value of 1 if an HFT placed the message, and 0 otherwise. Order Size is the
number of shares in the order. Stock Volatility is the absolute value of the previous 10-second stock
return (in percent). XIU Volatility is the absolute value of the previous 10-second return of the TSX
60 exchange-traded fund, XIU (in percent). Relative Spread is the stock’s contemporaneous bid-ask
spread divided by the midpoint price (in percent). Lag Stock Return (1–10 second) is the signed
10-second lagged stock return (in percent). Lag XIU Return (1–10 second) is the signed 10-second
lagged XIU return (in percent). Limit Order Book Imbalance is the stock’s contemporaneous signed
limit order book imbalance defined as (depth at best bid price – depth at best ask price)/(depth
at best bid price + depth at best ask price) for buy messages, and the negative of this value
for sell messages. Hidden Order takes the value of 1 if the message was a hidden order (or for
the Trade analysis, was executed against a hidden order), and 0 otherwise. Change NBBO is the
immediate change (in basis points) in the NBBO because of the message. Order Cancel followed by
Order by Same Trader (Opposite Direction) takes the value of 1 when the same trader immediately
cancels a buy (offer) order followed by a buy (offer) order (or the reverse), and 0 otherwise. Order
Cancel Followed by Trade by Same Trader (Opposite Direction) takes the value of 1 when the same
trader immediately cancels a buy (sell) order followed by a buy (sell) trade (or the reverse), and 0
otherwise. * (**) next to the coefficient indicates that the coefficient is statistically different from
zero at the 5% (1%) significance level using standard errors clustered by stock and by day.

Trade Trade Order Order Order Cancel Order Cancel
(1) (2) (3) (4) (5) (6)

Intercept 2.38** 1.79** 0.69** 0.62** −0.07** −0.02
(0.03) (0.03) (0.01) (0.03) (0.01) (0.04)

HFT 1.58** 0.96** 0.16** 0.11** 0.15** 0.10**

(0.04) (0.02) (0.01) (0.01) (0.01) (0.01)
Order Size 0.86** 0.27** −0.06**

(0.06) (0.01) (0.01)
Stock Volatility −1.30** 0.83** −0.04

(0.20) (0.09) (0.09)
XIU Volatility −0.43* 0.09* −0.02

(0.18) (0.04) (0.06)
Relative Spread 7.75** −1.74** 0.39

(0.43) (0.23) (0.22)
Lag Stock Return (1–10 second) −5.03** −6.28** −5.51**

(0.37) (0.29) (0.30)
Lag XIU Return (1–10 second) 1.87** 0.49** 0.37**

(0.20) (0.08) (0.06)
Limit Order Book Imbalance 0.50** 0.24** 0.29**

(0.02) (0.01) (0.01)
Hidden Order −1.38** −0.11** −0.12**

(0.03) (0.01) (0.02)
Change NBBO 0.42** 0.69** 0.66**

(0.01) (0.01) (0.01)

Order Cancel then Order by Same
Trader (Opposite Direction)

−0.37**

(0.01)
Order Cancel then Trade by Same

Trader (Opposite Direction)
−0.99**

(0.04)



1642 The Journal of Finance R©

or non-HFTs submit more aggressive orders or their trades are more likely to go
through more levels of the order book. The remaining variables in this analysis
include Order Cancel followed by Order by Same Trader (Opposite Direction),
which takes the value of 1 when the same trader immediately cancels a buy
(sell) order followed by a buy (sell) order (or the reverse), and zero otherwise,
and Order Cancel Followed by Trade by Same Trader (Opposite Direction),
which takes the value of 1 when the same trader immediately cancels a buy
(sell) order followed by a buy (sell) trade (or the reverse), and zero otherwise.

That HFT limit orders that move the NBBO have a larger price impact than
the same orders from non-HFTs could be due to from HFTs conditioning their
order submission on public information or to submitting orders more when
the price impact is high. For example, HFTs could be using the information
in futures or ETF prices to trade in the constituent stocks. Alternatively, as
shown in Brogaard, Hendershott, and Riordan (2014) for trades, HFT may
submit more orders in the direction of limit order imbalances, which leads price
impacts to be higher. The price impact regressions control for some obvious
sources of public information and market conditions when price impacts may
be high or low.

A notable result in Table VI is that controlling for public information and mar-
ket conditions explains some of the HFTs’ higher price impact.27 For trades,
the coefficient for HFTs decreases from 1.58 basis points when not conditioning
on public information to 0.96 basis points when conditioning on public infor-
mation and from 0.16 to 0.11 for new orders. This also holds for order cancels
in that HFTs observe a statistically significantly lower price impact. The HFT
coefficient falls by about one-third with the inclusion of the public information
variables. One interpretation of this result is that one-third of HFTs’ contribu-
tion to price discovery is due to public information. Significantly more analysis
is needed, however, to gauge the accuracy of this intuitive estimate.

An additional result that follows from Biais, Hillion, and Spatt (1995) is that
new orders submitted with wide spreads will have a lower price impact than
the same orders submitted with tight spreads. Orders submitted within the
spread when spreads are wide are more likely to be driven by a desire to be at
the top of the queue than information motives. Conversely, trades submitted
with wide spreads are more likely to be driven by informed traders that are
willing to pay higher liquidity costs to profit from their information.

Price impacts are generally increasing in order size, lagged index returns,
limit order book imbalances, and the immediate size of an NBBO change that
price impacts decline with limit order book imbalances means that when a
trader improves the NBBO with a new order on the side with more depth, the
order appears less motivated by information. The trader likely believes that

27 While controlling for public information explains some of HFTs’ greater price impact, it is
difficult to know how much of HFTs’ price discovery would occur without HFTs. Estimating how
non-HFTs would behave and incorporate information into prices without the presence of HFTs
requires the exogenous removal or reduction of HFTs. Unfortunately, there is no such event in our
sample period.
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adverse selection is low and the new order is simply trying to get priority over
the large depth at the previous NBBO. These orders have lower price impacts.
When an order is placed at or better than the NBBO on the side with less depth,
the order appears more motivated by information and has a larger price impact.
Price impacts are generally decreasing in lagged signed stock returns and for
hidden orders. Hidden orders seem to be submitted by uninformed market
participants as they have lower price impacts (Zhu, 2013). Trades executing
against hidden orders have smaller price impacts, likely because the midpoint
of the bid-ask spread does not incorporate the hidden order.

Table IV reports negative IRFs for non-HFT cancels at and more than one tick
behind the NBBO. The last two rows of Table VI report order sequences that
include cancels that may lead to below average price impacts. For instance,
a trader may decide to cancel an order because the NBBO has moved away
from their order and then submit a new, more aggressively priced order. This
would lead the initially cancelled order to have a below average price impact.
The results show that cancels followed by orders and trades in the opposite
direction do in fact lead to lower price impacts for cancels. Also, as expected,
the coefficient is lower when the subsequent order is less aggressively priced
(−0.37 vs. −0.99).

The previous results are informative about the average price impact of a
message. However, given the autocorrelation and cross-correlation in message
activity in Table V, one cannot simply weight the IRFs by the message frequen-
cies in Table III to determine each message type’s contribution to overall price
discovery. The Hasbrouck (1991b) variance decomposition weights the IRFs by
the variance of innovations in each order type to calculate the total contribution
to price discovery by participant, order type, and relative aggressiveness in the
order book. The VAR reported in Table IV produces the estimates to calculate
the variance decomposition reported in Table VII.28

In total, market orders at and that change the best price contribute roughly
30% to price discovery. Another 45% of price discovery occurs via limit orders.
Of that 45%, 88% is impounded via limit orders that change the best price. In
fact, 62% of price discovery is attributed to orders and trades that move the best
price. This suggests that (1) the order book significantly contributes to price
discovery, and (2) orders that change the best price contain more information
than those that do not.

HFT limit orders that change the NBBO are more than twice as important
as the same orders from non-HFTs (19.6% vs. 8.2%). This is explained largely
by the fact that HFTs submit twice as many orders that change the NBBO than
do non-HFTs (2.15% vs. 1.29% in Table III). The price impact of HFT orders
that move the NBBO is larger than the same orders for non-HFTs, leading HFT

28 While the variance decomposition contains every event that can cause prices to change,
the linear structure of the VAR explains only roughly 75% of the variance of the efficient price;
the remainder is variance of the error term in the return equation. To ensure that our variance
decomposition across order types sums to 100%, we use the amount of the efficient price that is
explained as the denominator when calculating each order type’s contribution to price discovery.
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Table VII
Variance Decomposition

The table reports the stock-day average variance decomposition from the vector-autoregression
(VAR) used in Table IV for the 15 noncross-listed stocks in the TSX 60. The sample period is from
October 15, 2012 to June 28, 2013.

HFT Non-HFT
(1) (2)

Trade - Change Price 8.8% 11.6%
Trade - Same Price 3.0% 6.8%
Improving Order 19.6% 8.2%
Worsening Cancel 8.8% 5.2%
At NBBO Order 1.5% 1.0%
At NBBO Cancel 0.2% 0.1%
Order 1 tick from NBBO 0.1% 0.04%
Cancel 1 tick from NBBO 0.1% 0.04%
Order > 1 tick from NBBO 0.1% 0.04%
Cancel > 1 tick from NBBO 0.1% 0.05%

limit orders that move the NBBO to contribute more to price discovery than
any other participant/order-aggressiveness combination.

Trades that move the NBBO and cancels that move the NBBO are also
important in terms of price discovery. The differences and magnitudes in price
discovery are commensurate with their relative frequencies and price impacts.
For instance, non-HFT trades that move the NBBO are more frequent than
those of HFTs and have a higher price impact. This leads their overall role in
price discovery to be greater than for HFT trades that move the NBBO. For
cancels, HFTs are roughly 2.5 times more likely to cancel orders that move the
NBBO than are non-HFTs. This leads their role in price discovery to be higher
(8.8%) than for non-HFTs (5.2%) despite the slightly lower price impact of HFT
cancels.

HFTs contribute the most to price discovery via their limit orders and non-
HFTs via their market orders. This suggests that HFTs make different order
submission decisions conditional on their information than non-HFTs. This
result is consistent with the finding in theoretical literature (GPR and others)
that speculators use limit orders more.

A testable prediction from the literature on limit order books is that specula-
tors reduce their submission of limit orders as volatility increases (Bloomfield,
O’Hara, and Saar (2005) and GPR). Table VIII directly examines the rela-
tionship between stock volatility and message frequency. Table VIII reports
results from OLS regressions on message frequencies by limit/market order
and HFT/non-HFT from Table III. In this analysis, % by Limit Order is the
percentage of messages by limit order book submissions and cancellations, %
by HFT Limit Order is the percentage of limit order book submissions and
cancellation by HFTs, % by HFT Limit Order/% HFT is the percentage of HFT
limit orders and cancellations by total HFT, % by HFT Limit Order/% by Limit
Order is the percentage of HFT limit orders normalized by the percentage of
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total limit orders, % by HFT Limit Order/% by Market Order is the percent-
age of HFT limit orders normalized by the percentage of market orders, % by
non-HFT Limit Order is the percentage of non-HFT limit orders, and % by
non-HFT Limit Order/% non-HFT is the percentage of non-HFT limit orders
normalized by the percentage of total non-HFT orders. Observations are at the
stock-day level. Because stock volatility is persistent and to avoid simultaneity
between volatility and traders’ order choice, Stock Volatility (t − 1) is the daily
absolute return in percentage the prior day. To focus on within-stock volatility,
we include two cross-sectional controls29: Market Capitalization is the market
capitalization of the stock in billions and 1/Price is the reciprocal of the stock
price.

The predictions of Bloomfield, O’Hara, and Saar (2005) and GPR for informed
traders are generally confirmed in Table VIII. For example, the frequency of
limit order submissions falls by 0.99% per 1% increase in the previous day’s
volatility. The decrease in limit order submissions is driven by the reduction in
HFT limit orders. A 1% increase in previous-day stock volatility leads HFT limit
order frequency to fall by a statistically significant 3.08% and 3.40%, relative
to limit orders and overall activity, respectively. A 1% increase in volatility
leads non-HFT limit order submissions to increase 2.41% relative to overall
activity. Overall limit order submissions are less frequent for larger stocks
and for lower priced stocks. However, HFT limit order submissions are more
frequent in larger stocks and lower priced stocks. Table VIII suggests that
HFT and non-HFT limit order submission frequencies vary differently with
volatility. Table IX tests whether the importance of these types of orders for
price discovery changes with volatility.

Table IX examines the relationship between stock volatility and contribution
to price discovery. The table reports results from OLS regressions on different
components of the variance decomposition from Table VII. The various price
discovery ratios follow the same logic as the ratios used for message frequencies
in Table VIII. Observations are at the stock-day level and volatility, market
capitalization, and inverse price remain the same.

Mechanically, the numerator in the variance decomposition is the product
of the variance of the surprise/innovation of the order flow and the squared
price impact of an order (IRF). This suggests that if a certain type of order is
submitted less frequently (or less unexpectedly) then the contribution to price
discovery by that type of order should fall. However, average price impacts and
the innovation component of orders may both vary with volatility. Consistent
with theory, Table IX shows that limit orders contribute less to price discovery
as volatility increases. The contribution of limit orders to price discovery falls
by 1.04% per 1% increase in previous-day volatility. Also consistent with the
frequency results of Table VIII, we find that the decrease in the explanatory
power of limit orders is driven by a decrease in HFT limit order contribution to
price discovery. For example, HFT limit orders make up 1.31% less of the total

29 Internet Appendix Tables AVII and AVIII replace the price and firm size controls with firm
fixed effects. The volatility results are similar.
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variance explained per 1% increase in previous-day volatility. Thus, the contri-
bution to price discovery by non-HFTs does not appear to vary with volatility.

III. Activity and Price Discovery within and across Markets

The market-wide price discovery analysis in Tables IV to VII shows that
HFTs’ limit orders are the primary channel through which price discovery
occurs. In this section we begin by studying HFT price discovery across ex-
changes. We first ask whether HFTs’ role in price discovery is concentrated on
the new exchanges or is similar across the three largest exchanges. Next, we
study potential cross-exchange sources of information by extending Tables IV
to VII to examine how HFTs and non-HFTs respond to trading and orders
within and across markets.30 Finally, we examine directly how price changes
migrate across exchanges.

Table X decomposes order activity by participant type and order type relative
to the NBBO for each exchange. Most activity is concentrated at the best bid
and offer (BBO) across all three exchanges.

Exchange 2 is the largest of the three Canadian exchanges. The activity
breakdown in terms of order type participant frequencies across exchanges is
comparable with the exception of exchange 3, where HFTs are responsible for
75% of activity versus 48% and 41% for exchanges 1 and 2, respectively. That
HFTs are more active on smaller exchanges is consistent with Menkveld (2013)
highlighting the importance of HFTs for smaller and newer exchanges. Roughly
half of the activity is better than or at the best prices for all three exchanges.

Tables IV and V show that HFTs’ new limit orders are the primary channel
for price discovery. The analyses are in event time, which does not account for
possibly very small time differences between HFTs and non-HFTs incorporating
new information. For example, if a public information event, say the S&P 500
futures price (or the TSX 60 ETF price) increasing, leads to both HFTs’ and
non-HFTs’ buy limit order submissions with HFTs being slightly faster, event
time analysis will attribute all price discovery to HFTs. A standard approach
to measuring price discovery in calendar time is to use Hasbrouck’s (1995)
information shares, by examining quotes in different markets for the same
security (e.g., Huang, 2002). This approach can be directly extended to the
best quotes by different market participants. The information shares approach
decomposes variation in the common efficient price into individual components
attributable to specific markets or participants.

The information share methodology focuses on innovations in different
groups’ prices (quote midpoints). The information share of a group is measured
as that group’s contribution to the total variance of the common (random-walk)
component. We calculate the price path for each group (HFT/non-HFT or Ex-
change), where the price vector pt represents the prevailing prices for each
group i and is given as pi

t = mt + εi
t . Prices are assumed covariance-stationary.

30 As in the Table II, Internet Appendix Table AIX provides descriptive statistics for each
exchange.
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Table X
Message Frequency by Exchange

The table reports the average stock-day distribution of messages by HFTs and non-HFTs on all
three exchanges for the 15 noncross-listed stocks in the TSX 60. The sample period is from October
15, 2012 to June 28, 2013. The table is similar to Table III except that each message type is further
broken down by exchange 1, 2, or 3.

HFT Non-HFT
(1) (2)

Exchange 1
Trade - Change Price 0.23% 0.29%
Trade - Same Price 0.56% 2.48%
Improving Order 1.16% 1.13%
Worsening Cancel 0.62% 0.97%
Order Placement at NBBO 14.93% 8.46%
Order Cancel at NBBO 11.65% 5.29%
Order 1 tick from NBBO 3.99% 1.39%
Cancel 1 tick from NBBO 4.40% 2.30%
Order > 1 tick from NBBO 4.77% 12.80%
Cancel > 1 tick from NBBO 6.00% 16.57%
Total Number of Observations 16,250

Exchange 2
Trade - Change Price 0.28% 0.35%
Trade - Same Price 1.11% 4.67%
Improving Order 2.12% 1.70%
Worsening Cancel 0.73% 0.72%
Order Placement at NBBO 12.79% 11.13%
Order Cancel at NBBO 10.39% 6.98%
Order 1 tick from NBBO 2.12% 2.02%
Cancel 1 tick from NBBO 3.16% 3.36%
Order > 1 tick from NBBO 3.89% 11.77%
Cancel > 1 tick from NBBO 4.87% 15.85%
Total Number of Observations 33,669

Exchange 3
Trade - Change Price 0.09% 0.17%
Trade - Same Price 0.37% 2.18%
Improving Order 2.90% 0.79%
Worsening Cancel 1.34% 0.25%
Order Placement at NBBO 17.95% 4.43%
Order Cancel at NBBO 16.00% 3.27%
Order 1 tick from NBBO 6.32% 0.95%
Cancel 1 tick from NBBO 6.92% 1.56%
Order > 1 tick from NBBO 11.12% 4.96%
Cancel > 1 tick from NBBO 11.96% 6.46%
Total Number of Observations 22,547

The common efficient price path is a random walk process, mt = mt−1 + ut,
where E(ut) = 0, E(u2t) = σ 2

u , and E(utus) = 0 for t �= s. The price process vec-
tor can be modeled as a VMA:

�pt = εt + ψ1εt−1 + ψ2εt−2 . . . ,
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where ε is a vector of innovations with zero mean and a variance matrix of 	,
and 
 represents the polynomial in the lag operator. The information share is:

Infosharej = 
2
j	 j


	
 ′ ,

where InfoSharej is the fraction of price discovery attributable to participant
(or exchange) j, the numerator is the variance of the efficient price attributable
to participant j, and the denominator is the total variance of the efficient price.
As discussed in Hasbrouck (1995), when multiple series move at the same time,
the information share cannot be uniquely attributed to any series. In our setting
this occurs if both HFTs’ and non-HFTs’ prices move at the same time. Infor-
mation shares are typically estimated at a fixed sampling frequency. Higher
sampling frequencies allow price discovery to be more uniquely attributed to
HFTs and non-HFTs, but also attribute price discovery occurring close together
to the faster participant group, presumably HFTs. To balance this trade-off, we
estimate information shares at the one-second frequency.

Table XI reports the information shares for HFTs and non-HFTs. As with the
VARs in Tables IV and V, information shares are estimated for each stock-day.
Table XI provides the average maximum and minimum information shares.
Table XI further reports whether the average minimum HFT information share
is statistically significantly greater than the average maximum non-HFT in-
formation share. Testing the minimum HFT information share against the
maximum non-HFT information share indicates whether the HFT limit or-
der price discovery results in Tables IV, VI, and VII, are simply due to HFTs
updating their quotes faster than non-HFTs.

Table XI, Panel A, shows that the average 59% minimum information share
for HFTs is statistically significantly greater than the 41% maximum value
for non-HFTs. This result demonstrates that even with conservative timing
assumptions, HFT limit order activity contributes more to price discovery than
non-HFT activity. The HFT maximum information share attributes all of the
common innovations in price discovery within the same second to HFTs and
shows that HFTs account for 81% of price discovery. Thus, 22% of the price
discovery occurs within the same second for HFTs and non-HFTs.

Panels B and C of Table XI extend the aggregate information share price
discovery analysis in Panel A to prices from the different exchanges. Panel B
calculates information shares by exchange. All exchanges contribute to price
discovery. Exchange 1 has the highest minimum and maximum information
shares. The wide gap between the maximum and minimum exchange informa-
tion shares suggests that price discovery is well integrated across markets, as
significant common price discovery occurs across exchanges within one second.

Panel C of Table XI breaks the information shares down by exchange and
participant type. HFTs are responsible for at least 56% of the information
on every exchange and at most 93% on exchange 3. HFTs are responsible
for the least price discovery on the largest exchange, although still responsi-
ble for more price discovery on that exchange than non-HFTs. The results of
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Table XI
Information Shares

The table reports the average stock-day Hasbrouck (1995) minimum and maximum information
shares for the 15 noncross-listed stocks in the TSX 60. The sample period is from October 15,
2012 to June 28, 2013. Panel A evaluates HFT and non-HFT quotes. Panel B evaluates quotes on
each exchange. Panel C evaluates HFT and non-HFT quotes on each exchange. * (**) next to the
HFT-Min point estimate indicates that the difference between the HFT Min and the non-HFT Max
estimates statistically significant at the 5% (1%) level using standard errors clustered by stock and
by day.

Min Max
(1) (2)

Panel A: By HFT

HFT 0.59** 0.81
Non-HFT 0.19 0.41

Table B: By Exchange

Exchange 1 0.29 0.58
Exchange 2 0.23 0.47
Exchange 3 0.14 0.36

Panel C: By HFT and Exchange

Exchange 1
HFT 0.75** 0.87
Non-HFT 0.13 0.25

Exchange 2
HFT 0.56** 0.76
Non-HFT 0.24 0.44

Exchange 3
HFT 0.84** 0.93
Non-HFT 0.07 0.16

Table XI suggest that HFTs’ information advantages are not driven primarily
by differences across exchanges, for example, exchange-specific HFT friendly
order types. Table XI also suggests that HFTs’ orders moving prices more than
the orders of non-HFTs is explained not only by their being marginally faster
than non-HFTs, as these information shares can mitigate very small speed
advantages.

We next study potential cross-exchange sources of information. A source of
HFT information could be activity in other markets. In Table V we show that
HFTs are more responsive to overall activity than are non-HFTs. Table XII
extends the VAR in Tables IV and V to capture order activity by HFTs and
non-HFTs on the same and different exchanges. This is done by indexing all
trade and order variables by exchange. Thus, there are 10 order variables
on each of the three exchanges for both HFTs and non-HFTs, resulting in a
system of 61 equations and variables. As before, we estimate the VAR for each
stock-day and report stock-day averages.
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Table XII provides the trade and order IRFs from the above-described VAR.31

To avoid presenting all of the possible cross-exchange IRFs, we do not report the
coefficients on variables that are one tick or more away from the NBBO. Also,
we group together IRFs for same and other exchanges. The same-exchange
IRFs are the cross-exchange average response of each variable to the variables
on that exchange. For example, the same-exchange HFT trade response to an
HFT trade is the average of the IRFs for an HFT trade on exchange 1 response
to an HFT trade on exchange 1, an HFT trade on exchange 2 response to an
HFT trade on exchange 2, and an HFT trade on exchange 3 response to an HFT
trade on exchange 3. The other-exchange IRFs are the cross-exchange average
response of each variable to the variables on other exchanges. For example,
the other-exchange HFT trade response to an HFT trade is the average of the
IRFs for an HFT trade on exchange 1 response to an HFT trade on exchanges
2 and 3, an HFT trade on exchange 2 response to an HFT trade on exchanges
1 and 3, and an HFT trade on exchange 3 response to an HFT trade on ex-
changes 1 and 2. Panel A reports the average IRFs for the same exchange, whole
Panel B reports the average IRFs for the other exchanges.

The results presented in Panel A of Table XII are consistent with those pre-
sented in Table V. Similar to Table V, summing the coefficients for HFT events
and response combinations provides insights into how HFT and non-HFT ac-
tivity precedes and responds to particular events. For instance, summing the
upper-left quadrant of Table XII, Panel A shows that HFTs’ response to HFT
activity is 3.65 basis points. Summing the absolute value of the lower-right
quadrant shows that non-HFTs response to non-HFT activity is 1.62 basis
points.

There is a strong diagonal effect, with HFTs responding more to market ac-
tivity, in the same direction, than non-HFTs. There are differences in how the
same- and other-market activity precedes HFT and non-HFT activity in the
same direction. For HFTs, same-market activity precedes more same-market
activity in the same direction than does other-market activity. For non-HFTs,
other-market activity precedes more activity in the same direction than does
same-market activity. This could arise from some non-HFTs’ algorithms split-
ting large orders across markets.

Finally, we focus directly on how price changes migrate across exchanges.
Prices changing across multiple exchanges are notable events when examining
the role of HFTs’ and non-HFTs’ orders in cross-market price discovery. While
these are only a small portion of activity, they allow for straightforward study
of which orders initiate and finish the cross-market price changes. Table XIII
examines message sequences where exchanges 2 and 3 start with the same best
bid or offer price and both exchanges revise their bid/offer in the same direction.
We focus on exchanges 2 and 3 in this analysis as these are the two largest

31 As in Table IX, Internet Appendix Table AX provides IRFs for each exchange.
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Table XIII
Cross Exchange Price Change Sequences

The table reports the frequencies of price change sequences on Exchange 2 and Exchange 3 for the
15 noncross-listed stocks in the TSX 60. The sample period is from October 15, 2012 to June 28,
2013. The sequences capture all events in which Exchanges 2 and 3 start with the same bid or ask
price, followed by one of the exchange’s best bid or ask price changing, and subsequently the other
exchange updating its quote in the same direction. The deviation and resolution must persist at
least one millisecond. The statistics are calculated using data from October 15, 2012 to June 28,
2013. This analysis evaluates the joint probability of an HFT/non-HFT and Trade/Order/Cancel
opening a sequence and an HFT/non-HFT and Trade/Order/Cancel subsequently updating the
second exchange’s quotes. The average stock-day has 1,021 sequences that persist for at least one
millisecond.

Conditional on Open/Close Order Type and HFT, �1 Millisecond

Second

HFT Non-HFT

Trade Order Cancel Trade Order Cancel
% Open by

Trader-Order
% Open by

Trader
First (1) (2) (3) (4) (5) (6) (7) (8)

HFT
Trade 0.7% – 0.9% 0.4% – 0.2% 2.2%
Order – 27.1% – – 9.1% – 36.1% 68.9%
Cancel 2.0% – 17.7% 3.8% – 7.0% 30.6%

Non-HFT
Trade 0.9% – 3.0% 2.6% – 2.0% 8.6%
Order – 6.9% – – 5.0% – 11.9% 31.1%
Cancel 0.5% – 4.6% 1.5% – 4.1% 10.6%

% Close by
Trader-
Order

4.2% 34.0% 26.2% 8.3% 14.1% 13.3%

% Close by
Trader

64.3% 35.7%

exchanges by volume.32 The initial message that causes the two exchanges to
go from the same price to different prices is referred to as the first message
and the subsequent message on the second exchange that causes its price to
move is referred to as the second message. Table XIII provides insights into
the sequence of messages that result in common price discovery across the two
exchanges. The first message does not need to immediately precede the second
message. Table XIII reports the frequencies of message sequences, where the
price changes on the two exchanges do not occur simultaneously (not in the
same millisecond).

32 Internet Appendix Tables AXI and AXII repeat the analysis for exchanges 1 and 3 and ex-
changes 1 and 2. Internet Appendix Tables AXIII provides results on how long it takes price-change
events to occur across the two markets.
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Because Table XIII examines cases in which both exchanges’ prices move in
the same direction, not all message sequences are possible. For example, after
a trade consumes all of the liquidity available at the best price on one exchange,
the price on the same side of the market can change in the same direction on the
other exchange only due to a trade or an order cancelation. Because there are
fewer sequence possibilities, Table XIII reports joint frequencies/probabilities.

The results show that HFTs are responsible for initiating price changes that
cross exchanges more often than non-HFTs. HFTs are also responsible for
closing these price changes. The result that HFTs facilitate price discovery
across markets is consistent with previous results on HFTs’ important role in
price discovery.

IV. Conclusion

The traditional view of price discovery is that trades reveal investors’ private
information while market makers’ quotes reflect public information. Most stock
exchanges and financial markets are now limit order books without designated
market makers. The market/limit order choice by informed and uninformed
investors determines the nature of price discovery and adverse selection.

Using regulatory data identifying limit orders and trades by HFTs and non-
HFTs, we study the role of these two types of trades in price discovery and test
theoretical predictions of models of limit order books. HFTs’ market orders play
a small role in price discovery while HFTs’ limit orders play a large role. The
widely stated concern that HFTs’ market orders adversely select non-HFTs’
limit orders plays a small role in price discovery. In addition, we find little
evidence that HFTs use their speed advantage to front-run non-HFTs’ orders.
While these types of problematic behavior do not represent the majority of
HFTs’ activity, this does not imply that HFTs never adversely select non-HFTs
or quasi-front-run their orders.

Consistent with theoretical models of limit order books, we find that price dis-
covery switches from limit to market orders when volatility increases and that
this change is due to HFTs. Volatility typically decreases market stability and
HFTs’ change in behavior could exacerbate the impact of volatility. A natural
regulatory response to increase market stability could be to restrict HFTs’ abil-
ity to demand liquidity when volatility increases. However, this could interfere
with HFTs’ risk management practices. In addition, identifying and regulating
specific market participants is challenging. Incentives, such as reduced trading
fees or privileges, are often needed for traders to self-identify. How to induce
traders to produce the socially optimal level of market stability by continuing to
provide liquidity via limit orders in stressful market conditions is an important
topic for future research.
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