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Abstract

This paper examines the impact of high frequency traders (HFTs) on the U.S. equity market. I ana-
lyze a unique data set to study the strategies utilized by HFTs, their profitability, and their relationship
with characteristics of the overall market, including liquidity, price discovery, and volatility. The 26
high frequency trading (HFT) firms in my dataset participate in 74% of all trades and make up a larger
percent of large market capitalization firms. I find the following key results: (1) HFTs tend to follow a
price reversal strategy driven by order imbalances, (2) HFTs make approximately $3 billion annually,
(3) HFTs do not seem to systematically front run non-HFTs, (4) HFTs rely on a less diverse set of
strategies than do non-HFTs, (5) HFTs trading level changes only moderately as volatility increases,
(6) HFTs add substantially to the price discovery process, (7) HFTs provide the best bid and offer
quotes for a significant portion of the trading day, but only around one-fourth of the book depth as do

non-HFTs, and (8) HFT's do not seem to increase volatility and may in fact reduce it.
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1 Introduction

“The evolution of financial markets has raised innumerable policy issues relating to market structure and

stability.”!

1.1 Motivation

Financial markets continuously evolve. Whenever a change in the market composition occurs, it is impor-
tant to study the impact of the new development. In the 1980’s the pertinent issues were program trading
(Harris et al., 1994) and the expansion of option markets (Skinner, 1989). In the 1990’s it was allowing
the public to place limit orders (Barclay et al., 1999). In the early 2000’s it was algorithmic trading (Hen-
dershott et al., 2008), the decimalization of prices (Chung et al., 2004), and the introduction of electronic
communication networks (Huang, 2002). Today it is high frequency trading (HFT; and I use HFTs to refer
to high frequency traders). In this paper HFT is defined as a type of investment strategy whereby profits
are attempted to be made by rapidly buying and selling stocks, with a typical holding period in terms of
seconds or milliseconds. HFT has changed the composition of the market and has brought concerns with
it. The fact that HFT is a new breed of trading with no trade-by-trade human interaction that can execute
dozens of transactions faster than a blink of an eye is disconcerting and makes it important to understand
the impact it is having on the market. HFT now makes up a large portion of the U.S. equity market activity,
yet the academic analysis of its role in the financial markets is limited. This paper aims to start filling the
gap.

Widespread interest exists in understanding the impact of HFT on market quality: HFTs argue they
improve liquidity, enhance price discovery, and reduce volatility, while others express concern that HFT
may exacerbate volatility, consume liquidity, and profit at the expense of more traditional investors. In
the press HFT has received an increasing amount of attention with most of it emphasizing concerns with
the practice. For example, on May 6, 2010 the Dow Jones Industrial Average dropped over 1,000 points
in intraday trading in what has come to be known as the “flash crash”. Afterward, some claimed HFTs

drove down the market (Krudy, June 10, 2010). Others suggested a temporary withdrawal of HFTs from

1(O0’Hara, 1995) Pg. 2.
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the market as exacerbating the fall (Lee, August 10, 2010).

Congress and regulators have begun to take notice and vocalize concern with HFT. The Securities
and Exchange Commission (SEC) issued a Concept Release regarding the topic on January 14, 2010
requesting feedback on how HFT's operate and what benefits and costs they bring with them (SEC, January
14, 2010). The Dodd Frank Wall Street Reform and Consumer Protection Act calls for an in depth study on
HFT (Section 967(2)(D)). The Commodity Futures Trading Commission (CFTC) has created a technology
advisory committee to address the development of high frequency trading. Talk of regulation on HFT has
already begun. Given the lack of empirical foundation for such regulation, the framework for regulation
is best summarized by Senator Ted Kaufman, "Whenever you have a lot of money, a lot of change, and
no regulation, bad things happen” (Kardos and Patterson, January 18, 2010). There has been a proposal
(House Resolution 1068) to impose a per-trade tax of .25%. Some have suggested implementing fees
when the number of canceled orders by a market participant exceeds a certain level, or limit the number
of canceled orders. While others have recommended requiring quotes to have a minimum life before they
can be canceled or revised. Before discussing regulation to restrict HFT it is useful to better understand
what HFTs are doing and whether HFT is harming or benefiting markets.

In this paper I examine the empirical consequences of HFT on market functionality. I utilize a unique
dataset that distinguishes HFT from non-HFT quotes and trades. This paper provides an analysis of HFTs
behavior and their impact on financial markets. Such an analysis is necessary since to ensure properly
functioning financial markets the SEC, CFTC, Congress and exchanges must set appropriate rules for
traders. These rules should be based on the actual behavior and implications of market participants. It is
equally important that investors understand whether or not new market developments, like the rise of HFT,
benefit or harm them.

HFT is a recent phenomenon. It was brought to the general public’s attention on July 23, 2009 in a
New York Times article (Duhigg, July 23, 2009). Not until March 2010 did Wikipedia have an entry for
HFT. Tradebot, a large player in the field who frequently makes up over 5% of all trading activity and was
one of the earliest HFTs, has only been around since 1999. Whereas only recently an average trade on

the NYSE took ten seconds to execute, (Hendershott and Moulton, 2007), now some firms’ entire trading

To date, the cause of the flash crash has not been determined, but the SEC says it will produce a report by the end of
September. A preliminary report on May 6 was put out jointly by the SEC and CFTC on May 18 and provides a list of issues
that may have contributed to the crash.



strategy is to buy and sell stocks multiple times within a mere second. The acceleration in speed has arisen
for two main reasons: First, the change from stock prices trading in eighths to decimalization has allowed
for more minute price variation. This smaller price variation makes trading with short horizons less risky
as price movements are in pennies not eighths of a dollar. Second, there have been technological advances
in the ability and speed to analyze information and to transport data between locations. As a result, a
new type of trader has evolved to take advantage of these advances: the high frequency trader. Because
the trading process is the basis by which information and risk become embedded into stock prices it is
important to understand how HFT is being utilized and its place in the price formation process.

A type of trading that is similar to HFT, but fundamentally different is algorithmic trading (AT). AT
is defined as “the use of computer algorithms to automatically make trading decisions, submit orders, and
manage those orders after submission” (Hendershott and Riordan, 2009). AT and HFT are similar in that
they both use automatic computer generated decision making technology. However, they differ in that AT
may have holding periods that are minutes, days, weeks, or longer, whereas HFT by definition hold their
position for a very short horizon and try to close the trading day in a neutral position. Thus, HFT must be
a type of AT, but AT need not be HFT.

This paper studies HFT from a variety of viewpoints and hopes to answer two fundamental questions.
First, what are the activities of HFTs? Specifically, what drives HFT's decision to buy or sell? How prof-
itable is HFT? Are HFTs systematically front running non-HFTs? How diverse are HFT's strategies? What
do HFTs do in volatile markets? Second, how does HFT impact market quality? Using research design
techniques that try to overcome data limitations I ask whether HFT contributes to the price discovery
process, affects liquidity, and generates or dampens volatility. Although this paper aims to address many
issues raised regarding HFT's there are certain topics it does not attempt to address, these include but are
not limited to flash quotes, latency arbitrage, quote stuffing, and HFTs order book dynamics.

I answer these questions by posing the following null hypotheses: (1) HFTs trade in a random fashion,
(2) HFT is not profitable, (3) HFTs engage in systematic front running, (4) HFT's rely on similar strategies,
(5) HFTs flee in volatile times, (6) HFT's do not add to the price discovery process, (7) HFTs do not provide
liquidity, and (8) HFTs increase volatility.

To test whether HFT's trade in a random fashion I perform an ordered logit on HFT's decision to sell, not

trade, or buy and find that lagged returns drives HFTs decisions. I further analyze the non-randomness of



HFTs behavior by looking specifically at HFTs buy and sell decisions based on whether they are supplying
liquidity or demanding liquidity. The results suggest HFTs tend to perform a price reversal strategy.
Finally I include order imbalance to the regression and find that it is lagged order imbalances more so than
other types of returns that drive HFT behavior. The results are consistent with a price reversal strategy
except for in the Buy-Demand column.

To test the profitability of HFTs I sum up the purchases and sales of HFT over the trading day, and at
the end of each day I net out the outstanding shares held by HFT at the average price for that day. I find
HFTs generate around $3 billion in gross annual trading profits.

To test whether HFT's engage in systematic front running I compare the probability of seeing different
trading patterns if trading were random and compare it to the actual probability of seeing such a pattern.
I observe that the probability of patterns consistent with front running do not appear more often than if
trading were random. This is consistent with HFTs not systematically engaging in front running.

To test whether HFTs rely on similar trading strategies I compare the frequency of different types
of trade exchanges if HFTs and non-HFTs had a similar number of strategies to the actual frequency of
observing different trading types and I find evidence that supports HFTs relying on a less diverse set of
strategies than non-HFTs.

To test whether HFTs flee in volatile times I take two approaches: I analyze their activity as day-
level volatility increases and during varying degrees of 15-minute period price changes. I find that HFTs
do reduce their liquidity-providing trades and increase their liquidity-taking trades during more volatile
times in the day-level analysis, by about 10% and 5% respectively. the higher frequency 15-minute data
fluctuates substantially but no clear pattern emerges. An extension of this question is whether HFTs
decrease their trading as a result of volatility. I look at two types of shocks to volatility to try and capture
an exogenous change in volatility to study the relationship: Days surrounding firms’ quarterly earnings
announcements and the week of the Lehman Brothers failure. Both approaches show HFT's tend to increase
their trading during times of exogenous volatility.

To test whether HFT's do not add to the price discovery process I implement three Hasbrouck measures.
I find the Price Impact, Aggregate Information Variance Decomposition, and Information Share approach
all support HFTs having an important role in the price discovery process.

To test whether HFT's do not provide liquidity I examine what percent of the time HFT's provide better
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inside quotes than non-HFTs. In addition I consider what the price impact would be of trades of different
sizes if HFTs suddenly stopped making limit orders. Both suggest HFTs play an important role in the
provision of liquidity. A comparison of the book depth provided by HFT and by non-HFT reveal that
HFTs tend to provide less depth to the market than may be expected given their participation level.
Finally, to test whether HFTs increase volatility I first analyze how an exogenous removal of varying
amounts HFT during the short sale ban relates to volatility. Second I consider what volatility would have
been had HFT's not participated in the market in varying capacities, with the assumption that other traders
do not change their behavior. The results suggest HFTs do not impact volatility or may even decrease it.
The rest of the paper is as follows: Section 2 describes the related literature. Section 3 discusses the
data. Section 4 provides descriptive statistics. Sections 5 analyzes hypotheses one to five that relate to
HFTs market behavior, Section 6 analyzes hypotheses six to eight that relate to HFTs impact on market

quality. Section 7 concludes.

2 Literature Review

HFT has received little attention to date in the academic literature. This is because until recently the
concept of HFT did not exist. In addition, data to conduct research in this area has not been available.
I am aware of at least two academic papers addressing HFT directly. Kearns, Kulesza, and Nevmyvaka
(2010) show that the maximum amount of profitability that HFT can make based on TAQ data under the
assumption that HFT enter every transaction that is profitable. The findings suggest that an upper bound
on the profits HFT can earn per year is $21.3 billion.

Cvitanic and Kirilenko build the first theoretical model to address how HFTs impact market conditions.
Their main findings are that when HFTs are present, transaction prices will differ from their HFTr-free
price, when a HFTr is present transaction prices’ distribution will have thinner tails and more mass near
the mean, and as human increase their order submissions liquidity increases proportional.

HFT touches on a variety of related fields of research, the most relevant being algorithmic trading
(AT). In principle AT is similar to HFT except that the holding period can vary. It is also similar to HFT
in that data to study the phenomena are difficult to obtain. Recently though a growing literature on AT has
developed.

Hendershott and Riordan (2009) use data from the firms listed in the Deutsche Boerse DAX index.



They find that AT supply 50% of the liquidity in that market. They find that AT increase the efficiency of
the price process and that AT contribute more to price discovery than do human traders. Also, they find a
positive relationship between AT providing the best quotes for stocks and the size of the spread. Regarding
volatility, the study finds little evidence of any relationship between it and AT.

Hendershott, Jones, and Menkveld (2008) utilize a dataset of NYSE electronic message traffic, and
use this as a proxy for algorithmic liquidity supply. The time period of their data surrounds the start of
autoquoting on NYSE for different stocks and so they use this event as an exogenous instrument for AT
The study finds that AT increases liquidity and lowers bid-ask spreads.

Chaboud, Hjalmarsson, Vega, and Chiquoine (2009) look at AT in the foreign exchange market. Like
Hendershott and Riordan (2009), they find no evidence of there being a causal relationship between AT
and price volatility of exchange rates. Their results suggest human order flow is responsible for a larger
portion of the return variance.

Gsell (2008) takes a simple algorithmic trading strategy and simulates the impact it would have on
markets. He finds that the low latency of algorithmic traders reduces market volatility, but that the large
volume of trades increases the impact on market prices.*

Together these papers suggest that algorithmic trading as a whole improves market liquidity and does
not impact, or may even decrease, price volatility. This paper fits in to this literature by focusing on a
sub-sample of AT, only those with the shortest horizon, and studying its trading behavior and its impact
on market quality. None of the above mentioned papers work with directly identified AT data and so [ am
unable to determine what fraction of AT is HFT.

While Cvitanic and Kirilenko build a theoretical framework that directly addresses HFT, other work
has been conducted to understand what the impact on market quality will be of having investors with
different investment time horizons.

Froot, Scharfstein, and Stein (1992) find that short-term speculators may put too much emphasis on

short term information and not enough on fundamentals. The result is a decrease in the informational

3 Autoquote” is a technology put in place in 2003 by the NYSE to assist specialists in their role of displaying the best bid
and offer. It was implemented under NYSE Rule 60(e) and provides an automatic electronic update, as opposed to manual
update by a specialist, of customers’ best bid and offer limit order.

4’Latency” refers to the speed at which a market participate can decide on making a market message and the time the
exchange receives the message. To reduce latency “co-location” is typically used whereby market participants will rent space
in a computer server center next to an exchange so as to minimize the time a market message takes to arrive at the exchange.



quality of asset prices.

Vives (1995) obtains the result that the market impact of short term investors depends on how informa-
tion arrives. The informativeness of asset prices is impacted differently based on the arrival of information,
“with concentrated arrival of information, short horizons reduce final price informativeness; with diffuse
arrival of information, short horizons enhance it” (Vives, 1995). The theoretical work on short horizon

investors thus suggests that HFT may be benefit or may harm the informational quality of asset prices.

3 Data

3.1 Standard Data

The data in this paper comes from a variety of sources. It uses CRSP data when considering daily data not
included in the Nasdaq dataset. Compustat data is used to incorporate firm characteristics in the analysis.
TAQ data is used when intraday data for firms outside of the Nasdaq dataset are used. CBOE Index data

is used to incorporate the CBOE S&P 500 Volatility Index (VIX) in certain instances.
3.2 Nasdaq High Frequency Data

The unique data set used in this study has data on trades and quotes on a group of 120 stocks. The Trade
data consists of all trades that occur on the Nasdaq exchange during regular trading hours, excluding
trades that occurred at the opening, closing, and during intraday crosses.” The Trade data used in this
study includes those from all of 2008, 2009 and from February 22, 2010 to February 26, 2010. The trades
include a millisecond timestamp at which the trade occurred and an indicator of what type of trader (HFT's
or not) is providing or taking liquidity. By providing (or supplying) liquidity I mean that for a given trade
the market participant had a limit order outstanding that was hit by a marketable order (or new limit order
taking the opposite side of the transaction and that crossed prices). The liquidity taker (or demander) is

the market participant who entered the marketable order. ¢ The Quote data is from February 22, 2010 to

>Nasdaq offers opening, closing, and intraday crosses. A cross is a two-step batch order whereby in the first step Nasdaq
accumulates all outstanding orders entered into the cross system and sets a preliminary transaction price. If there is an imbalance
in orders it displays the price to dealers and they can submit orders. Given the final number of orders the transaction price is
set.

®As there are “flash trades” in the data set let me briefly discuss what they are and how they show up in the data. Flash
quotes is a technology that Nasdaq, BATS, and DirectEdge had implemented to facilitate trading on their exchanges. Nasdaq
ran the program for a few months between April, 2009 to July 2009. A market participant who was going to enter a marketable
order had the option to flash his quote. So, for instance, if person A puts in a marketable buy order on Nasdaq and selects
for the order to “flash” if not fillable on Nasdaq, and it turns out Nasdaq does not have the national best offer, then before
Regulation NMS requires Nasdaq to send the order the exchange with the best offer price, the SEC approved the following



February 26, 2010. It includes the best bid and ask that is being offered by HFTs and by non-HFTs at all
times throughout the day. The Book data is from the first full week of the first month of each quarter in
2008 and 2009, September 15 - 19, 2008, and February 22 - 26, 2010. It provides the 10 best price levels
on each side of the market that are available on the Nasdaq book. Along with the standard variables for
limit order data, the data show whether the liquidity was provided by HFTs or non-HFTs, and whether the
liquidity was displayed or hidden.

The Nasdaq dataset consists of 26 traders that have been identified by Nasdaq as engaging primarily in
high frequency trading. This was determined based on known information regarding the different firms’
trading styles and also on the firms’ website descriptions. The characteristics of firms that have been
identified as being HFTs are the following: They engage in proprietary trading; that is, the firms do not
have customers but instead trade their own capital. The HFT firms use sophisticated trading tools such as
high-powered analytics and computing co-location services located near exchanges to reduce latency. The
HFT firms engage in sponsored access providers whereby they have access to the co-location services and
can obtain large-volume discounts. The HFT firms tend to switch between long and short net positions
several times throughout the day, whereas non-HFT firms rarely switch from long to short net positions on
any given day. Orders by HFT firms are of a shorter time duration than those placed by non-HFT firms.
Also, HFT firms normally have a lower ratio of trades per orders placed than do non-HFT firms.

Firms that others may define as HFTs are not labeled as HFT firms here if they satisfy one of the
following: brokerage firms who provide direct market access and other powerful trading tools to its cus-
tomers; proprietary trading firms that are a desk of a larger, integrated firm, like a large Wall Street bank
with multiple trading desks; an independent firm that is engaged in HFT activities, but who routes its trades
through a Market Participant ID (MPID) of a non-HFT type firm;’ firms that engage in HFT activities but
are small.

The data is for a sample of 120 Nasdaq stocks whose ticker symbols are listed in table 1. These sample

events to happen; person B, likely a HFTr, would be shown the marketable order for 20-30 milliseconds and in that time could
place an offer matching or bettering the national best offer. If person B did not provider the offer the trade would route to the
other exchange. If person B did respond to the flashed quote then the trade would execute on Nasdaq between person A and B.
In my data this would show up as person A being the liquidity provider (think of the flashable market order as a 30 millisecond
limit order that converts to a marketable order) and person B would be the liquidity taker, however the price the transaction
occurred at would be at the offer, even though the liquidity taker was selling.

"MPIDs are necessary for those firms that directly interact with Nasdaq’s computer systems and for those required to have
them by the Financial Industry Regulatory Agency (FINRA).



stocks were selected by Terrence Hendershott and Ryan Riordan. The stocks consist of a varying degree

of market capitalization, market-to-book ratios, industries, and listing venues.

[Table 1 about here.]

4 Descriptive Statistics

Before entering the analysis section of the paper, as HFT data has not been identified before, I first provide
the basic descriptive statistics of interest. I look at liquidity and trading statistics of the HFT sample and
compare them to all stocks in the TAQ database. I then compare the firm characteristics of the HFT sample
to Nasdaq and NYSE listed firms with market capitalizations greater than $10 million in the Compustat
database. Finally, I provide summary statistics on the percent of the market trades in which HFT is
involved, considering all types of trades, supplying liquidity trades, and demanding liquidity trades, as

defined in the previous section.
4.1 Sample Characteristics

Panel A in table 2 describes the 120 stocks in the HFT database compared to the Compustat database.
The table looks at the market capitalization, market-to-book ratio, industry, and listing exchange summary
statistics and provides the t-statistic for the differences in means. The Compustat firms consist of all firms
in the Compustat database with data available, that have a market capitalization greater than $10 million
in 2009, and where listed on either Nasdaq or NYSE, which ammounts to 5,050 firms. The data for both
the Compustat and the HFT firms are for fiscal year end on December 31, 2009. If a firm’s year-end is on
a different date, the fiscal year-end that is most recent, but prior to December 31, 2009, is used.

Whereas the average Compustat firm has a market capitalization of $3.5 billion, the average HFT
database firm is $17.6 billion and the difference is statistically significant. The HFT database includes very
small firms with a market capitalization of only $80 million, to the very large with a market capitalization
of $175.9 billion. The average Market-to-Book ratio for the HFT database is 2.66 and is 14.18 for the
Compustat database. This difference is not statistically significant.

Based on industry, the HFT database matches the Compustat database among many dimensions. Four
of the ten industries though do vary by a statistically significant amount. The HFT database overweights

Manufacturing and Health Care, and underweights Energy and Other. The industries are determined based



on the Fama-French 10 industry designation from SIC identifiers. Finally, half the HFT database firms are
listed on the NYSE and the other half on the Nasdaq exchange. This is not statistically different than the
Compustat database.® The HFT database provides a robust variety of industries, market capitalization, and
market-to-book values.

Panel B in table 2 describes the market characteristics of the 120 stocks in the HFT sample database
and compares them to the full TAQ database which includes 7,537 firms. Each firm has 5 observations.
These statistics are taken for the five trading days from February 22 to February 26, 2010. The statistics
considered include half spreads, stock price, bid size, offer size, daily volume traded, number of trades,
and size of a trade. The average half spread in the HFT database is $.07, while in the TAQ database it
is $.17, this difference is statistically significant. The HFT database average bid size is 2380 shares and
the average offer size is 2420 shares. These values are larger in the HFT dataset but are not statistically
significantly different from the TAQ database. The average HFT dataset number of trades is 3,090 and is
statistically significantly more than the 910 trades in the TAQ dataset. Finally, the average trade size in the
HFT dataset is 208 shares while in TAQ it is 340 shares but the difference is not statistically significant.
In conclusion the HFT database has smaller spreads and more trades than the average TAQ database but

otherwise is statistically similar.
[Table 2 about here.]

4.2 HFT Trading Activity

Table 3 looks at the prevalence of HFT in the stock market. It captures this in a variety of ways. Panel A
and B look at HFT activity at a day level, ignoring firm-by-firm variations. Panel C and D look at HFT
activity at a firm-day level. That is, whereas Panel A and B each have 509 (252*%245) observations, Panel C
and D have 61080 ((252%2+5)*120) observations. Panel A (C) measures HFT activity based on the percent
of dollar-volume involving HFTs for each day (day-firm). Panel B (D) measures HFT activity based on
the percent of trades involving HFTs for each day (day-firm). Within each Panel are three rows. The row

HFT - All shows the fraction of activity where HFTs are either demanding liquidity, supplying liquidity, or

8To clarify, the unique dataset utilized in this study comes from the Nasdaq exchange, 50% of the stocks in the sample are
listed on the Nasdaq and 50% are listed on the NYSE. The listing exchange does not determine where trading occurs. Different
firms can route their orders to different exchanges, and under Regulation NMS that exchange can execute the order if it is
displaying the national best bid and offer (NBBO), or it is required to route the order to the exchange where the NBBO is being
generated.
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both. The row HFT - Demand shows the fraction of activity where HFT's are demanding liquidity. The row
HFT - Supply shows the fraction of activity where HFTs are supplying liquidity.The summary statistics
include the mean, standard deviation, minimum, Sth percentile, 25th percentile, median, 75th percentile,
95th percentile, and maximum fraction of activity in which HFTs are involved.

The results in Panel A show that HFTs are involved in 68.5% of all dollar-volume traded in the sample.
Their level of daily involvement varies from 60.4% to 75.9%. They demand liquidity in 42.7% of all dollar-
volume traded and supply it in 41.1%. Panel B shows that HFT's participate in 73.8% of all trades and that
this varies at the day level from 65.1% to 81.9%. They demand liquidity in 43.6% of all trades and supply
itin 48.7%.

These statistics are an aggregate for 26 HFT firms. Some of those firms mostly provide liquidity while
others mostly take it. Although I cannot observe it directly in my data, talking with market participants,
even the registered market makers will take liquidity. This is contrary to most of the theoretical litera-
ture on market makers assuming they are passive providers of liquidity. Yet, empirical papers such as
Chae and Wang (2003) and Van der Wel (2008) find that market makers frequently take liquidity, make
informational-based trades, and earn a significant portion of their profits from non-liquidity providing
activities.

In addition to understanding the trading behavior of HFTs at the overall day level, it is informative to
understand how HFTs activities vary across firms. Panel C and D in table 3 shows the variation in HFT
market makeup in different stocks on different days.

The results in Panel C show that HFTs are involved in 50.8% of the average day-firm dollar-volume
traded in the sample. Their level of daily involvement varies from .22% to 100%. They demand liquidity
in 50.9% of all dollar-volume traded and supply it in 51%. Panel D shows that HFT's participate in 50.8%
of trades for the average firm-day and that this varies at the firm-day level from 3% to 100%. They demand
liquidity in 50.9% of trades for the average firm-day and supply it in 51%. The statistics in panel C and
D compared to panel A and B show that HFTs day-to-day trading level varies much less than does their
firm-day trading. Although these statistics do not pick up the variation of a HFT over time for a specific

firm they do show that HFT varies significantly across firms.

[Table 3 about here.]
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4.2.1 HFT Trading Activity Time Series

A concern surrounding the May 6 “flash crash” was that the regular market participants, such as HFTs,
stopped trading. Although the database I have does not include the May 6, 2010 data, it does span 2008
and 2009, which were volatile times in U.S. equity markets. As table 3 panel A shows, HFT daily percent
of dollar-volume activity ranges from 60.4% to 75.9%. To see whether HFT percent of market trades
varies significantly from day to day, and especially around time periods when the U.S. market experienced
large losses, I graph the fraction of trading activity in which HFT was involved for each trading day. The
results are shown in figure 1. There are three graphs. The first is a time series of 2008 and 2009 of the
fraction of trades in which HFTs were involved. The second graph looks at the fraction of shares in which
HFTs participated. The final graph looks at the fraction of dollar-volume activity in which HFTs were
part of the transaction. In each graph there are three lines. The line labeled “All HFT” represents the
fraction of exchanges in which HFTs were involved in either as a liquidty provider or as a liquidity taker;
the line labeled “HFT Liquidity Supplied” represents the fraction of transactions in which HFTs were
providing liquidity; the line “HFT Liquidity Demanded” represents the fraction of trades in which HFTs
were demanding liquidity. All three graphs in the three measures tend to fluctuate +/- 5% on a day-to-
day basis. Especially of note, there is no abnormally large drop, or increase, in HFT participation in the
sample data as a whole occurring in September of 2009, when the U.S. equity markets were especially
volatile. The large drops and increases occur in the following places: April 11, 2008 HFT dollar-volume
liquidity provided jumped from 45% to 50% and the next day fell back to 43%. November 28, 2008 HFT
dollar-volume all activity fell from 71% to 66% and the following day rose to 72%. Not displayed, but the
VIX, the standard measure of market-wide volatility, is strongly positively correlated with the different
measures of HFT market participation. The dollar-volume correlation with VIX is: All 0.71 , Supply 0.35,
Demand 0.72. Note that at the time of this version the VIX data was only available through September 22,

2009 and so the correlation coefficients do not include the last three months of the HFT database data.
[Figure 1 about here.]
4.3 HFT Quote Activity

Table 4 provides summary statistics on HFTs quote activity. As stated in the data description section

the data for quote-by-quote changes with HFT identification is only available from February 22, 2010 -
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February 26, 2010 for the 120 firms. The quote data only contains the inside bid and ask for HFT and non-
HFT quotes and the available sizes for each. The measures in each panel separate the quote activity into
three categories based on firm size, Small Medium, and Large whereby there are 40 firms in each category.
Panel A reports the percent of quote changes that were made by HFTs per firm-day. It is important to note
that while this is a proxy of quote revisions and cancelations, it is not a pure measure of such activity
as a quote change will also occur when a trade is executed and removes a limit order from the inside
quote. Quote cancelations and revisions have been found to have net economically significant benefits by
reducing the non-execution cost that would otherwise occur (Fong and Liu, 2010). These results show
the mean, standard deviation, minimum, Sth percentile, 25th percentile, median, 75th percentile, 95th

percentile, and maximum fraction of activity in which HFTs are involved.

[Table 4 about here.]

5 HFT Market Behavior

The motivation of this paper is to begin to address what are HFTs doing and what is the result on how the
market functions. In this section I examine the latter, the behavior of HFTs. I do so by addressing five
questions: What drives HFTs decision to buy or sell? How profitable is HFT? Are HFTs systematically
front running non-HFTs? How diverse are HFTs strategies? What do HFTs do in volatile markets? I
find that HFTs trade in firms with larger market capitalizations, with lower market-to-book ratios, lower
spreads, less depth and lower non-HFT volume. Their particular buy or sell decisions depend heavily
on past returns and particularly on past order imbalances. I find HFTs tend to have a less diverse set of
strategies than do non-HFTs. I estimate that HFTs earn gross annual profits of approximately $3 billion. I
do not find evidence suggesting HFTs systematically front run non-HFTs. I find that HFT's tend to decrease
their supply of liquidity moderately and increase their demand for liquidity as volatility increases at the

day level.
5.1 HFTs Trading Hypothesis

Ho : HFTs trade in a random fashion.
H : HFTs follow an identifiable strategy.

The question of what drives HFTs can be partitioned into two analysis. The first is in what stocks and
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on what days do HFTs choose to trade more heavily. The second is what determines the specific high
frequency decision of whether to buy or sell at a given moment. I look at the broader analysis in the next
section and thereafter consider the high frequency determinants.

The summary statistics show HFTs activities varies across firms and time. I find that HFTs trade in
firms with larger market capitalizations, with lower market-to-book ratios, lower spreads, less depth and
lower non-HFT volume. HFTs do not readily disclose their trading strategy. What is known regarding
HFTs is that they tend to buy and sell in very short time periods. HFTs must be basing their decision
to buy and sell from short term signals such as stock price movements, spreads, or volume. I find their

particular buy or sell decisions depend heavily on past returns and particularly on past order imbalances.
5.1.1 HFT Market Activity Determinants

To understand what determinants drive HFT trading I perform an OLS regression with the dependent
variable [, ; being the percent of share volume (essentially equivalent to dollar-volume as I do a firm level

analysis) in which HFTs were involved for company ¢ on day ¢. I run the following regression:

Hiy = a+MCij* B+ MDB;* 3o+ NT;; x 33+

)

NViy* By + Dep;y * Bs + Vol x B + AC; 4 % Br + €4,

MC' is the log market capitalization as of December 31, 2009, M B is the market to book ratio as
of December 31, 2009, which is winsorized at the 99th percentile, N'T" is the number of non-HFT trades
(trades were non-HFT's both supplied liquidity and demanded it) that occurred, scaled by market capital-
ization, NV is the dollar-volume of non-HFT transactions, scaled by market capitalization, Dep is the
average depth of the bid and of the ask, equally weighted, V ol is the ten second realized volatility summed
up over the day, AC' is the absolute value of the Durbin-Watson score minus two from a regression of
returns over the current and previous ten second period.

Table 5 reports the standardized regression coefficients in columns (1) - (6). That is, instead of running
the typical OLS regression on the regressors, the variables, both dependent and independent, are de-

meaned, and are divided by their respective standard deviations so as to standardize all variables. The
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coefficients reported can be understood as signaling that when there is a one standard deviation change
in an independent variable, the coefficient is the expected change in standard deviations that will occur
in the dependent variable. This makes the regressors underlying scale of units irrelevant to interpreting
the coefficients. Thus, the larger the coefficient, the more important its role in impacting the dependent
variable. Columns (7) - (12) display the regular coefficients. The dependent variables for the column are:
for (1), (4), (7), and (10) the percent of shares HFTs are involved in; for (2),(5),(8),(11) the percent of
shares in which HFTs demand liquidity; for (3), (6), (9), and (12) the percent of shares in which HFTs
supply liquidity. Columns (4) - (6) and (10) - (12) include only clearly exogenous variables.

The results in all the columns show that market capitalization is very important and has a positive
relationship with HFT market activity. The market-to-book ratio is slightly statistically significant in the
All and Supply columns, but with a very small negative coefficient, suggesting HFT tends to occur slightly
more often in value firms. Also statistically significant and with moderate economic significance is the
dollar-volume of non-HFT, which is interpreted as HFTs preferring to trade when there is less volume,
all else being equal. The spread and depth variables are statistically significant and both have moderate
economic significance. HFTs tend to trade in stocks with lower depth and lower bid-ask spreads, all else
being equal. Volatility is only statistically significant in the Demand column with a negative coefficient.
Autocorrelation is not statistically significant in any column. The number of non-HFT trades is statistically
significant in the Supply (negative coefficient) and the Demand (positive coefficient) columns.

Many of the explanatory variables may be endogenously determined and as a result the OLS estimator
may be biased. Thus, I run the same regression but only include as explanatory variables market capitaliza-
tion and market-to-book. The results are also in table 5, with columns (4) - (6) reporting the standardized
beta coefficients and column (10) - (12) reporting the standard OLS coefficients. This restricted regression
changes the magnitude of both explanatory variables to a degree and results in the Market / Book being

statistically significant with relatively larger magnitude coefficients.

[Table 5 about here.]

5.1.2 All Inclusive Search

I begin the analysis by performing an all-inclusive ordered logit regression into the potentially important

factors; thereafter I analyze the promising strategies in more detail. There are three decisions a high
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frequency trader (HFTr, singular of HFTs) makes at any given moment: Does it buy, does it sell, or does it
do nothing. This decision making process occurs continuously. I model this setting by using a three level
ordered logit. The ordered logit is such that the lowest decision is to sell, the middle option is to do nothing,
and the highest option is to buy. The approach is similar to that used in Hausman, Lo, and MacKinlay
(1992) except that in my case the dependent variable is a ten-second buy/do nothing/sell decision and not
a transaction-by-transaction price process.

I divide the time frames in to ten second intervals throughout the trading day. ° For each ten second

interval I utilize a variety of independent variables. The regression I run is as follows:

HFT;; = a +p1-11 X Retlag; o—10 +B12—22 X Depthbidlag;o—10
+B23-33 X Depthasklag; o—10 +B3a—aa X Spreadlag;o—10

+B45-55 X Tradeslag;p—10 Bs6—66 X Dollarvlag;o—1o.

Each explanatory variable has a subscript 0-10. This represents the number of lagged time periods
away from the event occurring in the time ¢ dependent variable. Subscript 0 represents the contemporane-
ous value for that variable. For example, retlagg represents the return for the particular stock during time
period t. And, the return for time period ¢ is defined as retlag; o = (price;; — price;;—1)/price;—1. Thus
the betas represent row vectors of 1x11 and the explanatory variables column vectors of 11x1. Depthbid
is the average time weighted best bid depth for stock 7 in that time period. Depthask is the average time
weighted best offer depth for stock ¢ in that time period. Spread is the average time weighted spread for
company ¢ in that time period, where spread is the best ask price minus the best bid price. T'rades is the
number of distinct trades that occurred for company ¢ in that time period. DollarV is the dollar-volume
of shares exchanged in transactions for company ¢ in that time period. The dependent variable, H F'T, is
-1, 0 or 1. It takes the value -1 if during that ten second period HFTs were, on net, selling shares for stock
1, it is zero if the HFTs performed no transaction or its buys and sell exactly canceled, and it is 1 if, on net,
HFTs were buying shares for stock . Firm fixed effects are implemented.

From this ordered logit model one may expect to see a variety of potential patterns. A handful of

°T also tried other time intervals, such as 250 milliseconds, one second and 100 second periods. The results from these
alternative suggestions are similar in significance to the results presented in that where a ten second period shows significance,
so does the one second interval for ten lagged period’s worth, and similarly where ten lagged ten second intervals show signifi-
cance, so does the one lagged one hundred second interval. The ten second intervals has been adopted after attempting a variety
of alterations but finding this one the best for keeping the results parsimonious and still being able to uncover important results.
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different strategies have been suggested in which HFTs engage. For instance, momentum trading, price
reversal trading, trading in high volume markets, or trading in high spread markets. It could be they
base their trading decisions on the spread and so the Spread variables would have considerable power in
explaining when HFT's buy or sell. If HFTs are in general momentum traders, then I would expect to see
them buy after prices rise, and to sell after prices fall. If HFTs are price reversal traders, then I would
expect to observe them buying when prices fall and to sell when prices are rising. Table 6 shows the

results.

[Table 6 about here.]

5.1.3 Focus on Lagged Returns

The results reported in table 6 are the marginal effects at the mean for the ordered logit. From the ordered
logit regression’s summarized results in table 6, there is sporadic significance in all but one place, the
lagged values of company ¢’s stock returns. There is a strong relationship with higher past returns and the
likelihood the HFT's will be selling (and with low past returns and the likelihood the HFTs will be buying).
There is some statistical significance in other locations, however no where is it consistent like that of the
return coefficients. One interpretation of this result is that past or contemporaneous spread size, depth,
and volume are not primary factors in HFT's trading decisions. Alternatively, it may be these variables are
primary factors but due to endogeneity are not captured by the logit regression. Of the strategies discussed
above, these results are consistent with a price reversal trading strategy. To further understand this potential
price reversal strategy I focus on analyzing the lag returns influence on HFTs’ trading behavior. I examine
HFTs buy and sell logits separately, focusing on the lagged returns surrounding HFTs’ buying or selling
stocks and decomposing the differences in demanding versus supplying liquidity activity.

To better understand HFT's trading strategy I run logit regressions on different dependent variables. |
consider a total of six different regressions: HFTs selling, HFTs selling when supplying liquidity, HFTs
selling when demanding liquidity, HFTs buying, HFTs buying when supplying liquidity, and HFT's buying
when demanding liquidity. The results found in table 8 are the marginal effects at the mean and the logit
incorporates firm fixed effects. The first column is the results for HFT Sell, all types. The results show

the strong relationship between past returns and HFT's decision to sell. prior to HFTs executing a sale of a
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stock, the stock tend to rise, with statistically significance up to 90 seconds prior to the trade, barring time
period 8. This finding suggests HFTs in general engage in a price reversal strategy.

The next column has as the dependent variable a one if HFTs were on net supplying liquidity to the
market and selling during a given ten second interval and a zero otherwise. The results are similar to the
previous results, except that the magnitude and statistical significance is not as strong. There appears to
be more scattered significance of past returns.

The third column in table 8 has as the dependent variable a one if HFTs were, on net, taking liquidity
from the market and selling during the ten second interval and a zero otherwise. There is still strong
statistical significance from the ten past return periods, barring the ninth one. The signs are the same as

before, which is consistent with a price reversal strategy.

[Table 7 about here.]

The Buy regressions are also shown in table 8. The fourth column is the result for HFT Buy, all types.
The results show the strong relationship between past returns and HFTs decision to buy. Prior to HFTs
executing a purchase of a stock, the stock tend to fall, with statistically significance up to 100 seconds
prior to the trade.

The fifth column has as the dependent variable a one if HFTs were on net supplying liquidity to the
market and buying during a given ten second interval and a zero otherwise. The results in the lag returns
are similar to the previous results, except that the magnitude of the coefficients are smaller.

The last column in table 8 has as the dependent variable a one if HFTs were, on net, taking liquidity
from the market and buying during the ten second interval and a zero otherwise. There is still some
statistical significance from the ten past return periods, but only in time periods 3 - 7 and 9.

The results in table 8 show that HFT are engaged in a price reversal strategy. This is true whether they

are supplying liquidity or demanding it.
5.1.4 Order Imbalance and Lagged Returns

The above results show that on average HFT's engage in a price reversal strategy. The lagged returns are
important determinants of HFT's investment strategy. The price formation process is well studied but not

well understood. In the literature much emphasis has been placed on the volatility-volume relationship
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where when volume is higher returns tend be larger, but more recent literature has emphasized the impor-
tance of order imbalance (Chan and Fong, 2000). It may be the case that returns which come from order
imbalance are more important to HFT than returns generally, especially as Chordia and Subrahmanyam
(2004) shows that order imbalance can be used to generate a profitable trading strategy.

To analyze the hypothesis that HFTs rely on the reason for the lagged return I rerun the regression

above but include two dependent variables, past returns and past order imbalances:

HFT;; = a+ Ret;1-10 X Bi—10 + O1B;1-10 X Bri—20 + €it, (1)

where Ret; 1_1¢ is the return for firm ¢ in period s, where s is from 1 to 10 periods prior to the time ¢,

OIB; 110 is a measure of order imbalance for firm ¢ in period s. OB, ; is defined as:

BuylnitiatedShares; . -
e if Shares; s # 0
OIB,;, = b 2)

.D if Shares; s =0

where BuylnitiatedShares; s is the number of shares for firm ¢ in period s where the liquidity de-
mander was buying and where Shares; ; is the number of shares for firm 7 in period s that were exchanged.
I divide OI B by 100 to reduce the number of leading zeros in the coefficient results.

HF'T; ; takes on one of six definitions: it is equal to 1 if (1) HFTs, on net, sell in a given ten second
period, (2) HFTs, on net, sell and supply liquidity, and (3) HFTs, on net, sell and demand liquidity, (4)
HFTs, on net, buy in a given ten second period, (5) HFTs, on net, buy and supply liquidity, and (6) HFTs,
on net, buy and demand liquidity, and O otherwise.

The results are in favor of HFTs decision to buy and sell being primarily driven by order-imbalance
and not other types of returns. The fist three columns in the table look at HFT's decision to sell. In all three
OIB has a strong positive coefficient in almost all ten lagged periods. Thus, following an order imbalance
increase, when there are more marketable buy orders than marketable sell orders, HFTs tend to sell. The
statistical and economic significance of the Ret variable drops for Sell-All and Sell-Supply. However, for
Sell-Demand regression, these lagged returns are still positive and statistically significant, suggesting that
HFTs demand to sell for both order imbalances and also for other returns.

The Buy decision regressions are not as uniform. Looking at the Ret coefficients, the Buy-All and
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Buy-Demand still are negative and maintain their statistical and economic significance, but the Buy-Supply
regression has no return coefficients of importance. The order imbalance coefficients for Buy-All and Buy-
Supply are negative and strongly statistically significant, suggesting HFTs tend to supply liquidity after
there have been more sell orders than buy orders. The Buy-Demand column has lagged order imbalances
1-3 and 5 being statistically significant. Unlike the other columns though, here HFTs move with the order-
imbalance: when there had been more buy than sell orders, all else being equal, HFTs tend to demand to
buy. This is inconsistent with the strategy suggested by the other results. Comparing the Buy-Demand
Ret results of the returns-only regression to this regression show that now their is a strong statistically
significant impact from past returns 1-3. Interestingly, this is where the O1 B coefficients are statistically

significant.

[Table 8 about here.]

5.2 HFTs Profitability Hypothesis

Ho : HFTs are not profitable.
Ha : HFTs are profitable.

HFTs engage in a price reversal strategy and they make up a large portion of the market. Given their
trading amount a question of interest is how profitable is their behavior. HFTs have been portrayed as
making tens of billions of dollars from other investors. Due to the limitations of the data, I can only
provide an estimate of the profitability of HFTs. The HFT labeled trades come from many firms, but I
cannot distinguish which HFT firm is buying and selling at a given time. Also, recall that the dataset only
contains Nasdaq trades. Therefore, there will be many other trades that occur that the dataset does not
include. Nasdaq makes up 20% - 30% of all trades and so two out of every three trades are unobserved. |
circumvent these limitations by making estimates using the market behavior results from above to arrive
at an overall annual profitability of HFT.

I consider all HFT actions to come from one trader. I take all HFT buys and sells at their respective
prices and calculate how much money was spent on purchases and received from sales. HFTs regularly
switch between being net long and net short throughout the day, but at the end of the day they tend to hold
very few shares. With these considerations in mind, I can estimate the total profitability of these 26 firms.

As many HFTs do not end the day with an exact net zero position in each stock I take any excess shares
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and assume they were traded at the mean price of that stock for that day. Thus, the daily profitability for

each stock is calculated as:

T
Profit = Z [Lsey * Price; x Shares; — 1pyy * Price; x Shares;] +
t=1

1 T

T
> 1 Shares, =

[Price; * Sharesy] ,

where 1g.; 1s a dummy indicator that equals one if HFTs sold a stock in transaction ¢ and zero oth-
erwise, 1p,, is similarly defined for HFTs buying, Price; is the price at which transaction ¢ occurred,
Shares, is the number of shares exchanged in transaction ¢. Summing up the Profit for each stock on a
given day results in the total HFT profitability for that day.

The result of this exercise is that on average, per day, HFTs make $298,113.1 from the 120 stocks in
my sample on trades that occur on Nasdaq.

The above number substantially underestimates the actual profitability of HFTs. First, the 120 stocks
have a combined market capitalization of $2,110,589.3 (million), a fraction of Compustat firms’ combined
market capitalization is $17,156,917.3 (million). Second, Nasdaq is one of several venues where trades
occur and on average makes up between 20 - 30% of trading activity. To account for these limitations in
the data I carry out the following exercise: I use the non-endogenous regression coefficient estimates in
the HFT percent determinant estimation found in table 5 to estimate the percent of trades involving HFT
and multiply it by the fraction of shares where HFTs are not trading with each other, as a HFTr exchange

with a HFTr will have a net zero profit when considering HFT's profit in the aggregate.

HET = 6835[.0308866 + MarketCap % .0725419 — Market/ Book % .0119239],

where MarketCap is the log of the daily shares outstanding of company ¢ multiplied by the closing
price of company i, and Market/Book is the ratio of the MarketCap divided by the Compustat book
value based on the the most recent preceding quarterly report, winsorized at the 99th percentile. H FTis
calculated for each stock. I multiply H FT by the dollar volume traded for each stock on each day in 2008

and 2009, and I multiply this value by the profit per dollar traded by HFTs found above. Thus, I arrive at
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the annual estimated profits of HFTs by:

N T
. | R
HFETAnnual Profit = 3 g E [HFTM * DVolume; ; ¥ .000106 3)

i=1 t=1

The .000106 value represents the profit per dollar volume HFT traded with a non-HFT. It is determined
by taking the total profit of HFTs from the 120 sample firms over the sample time period and divide it by the
HFT - non-HFT dollar volume traded ($151,739,574/$2,089,346,000,000). The result of this calculation
is that HFTs gross profit is approximately $ 2.995 billion annually.!”

There is no adjustment made for transaction costs yet. However, such costs will be relatively small,
the reason being that when HFT provide liquidity they receive a rebate from the exchange, for example
Nasdaq offers $.20 per 100 shares for which traders provided liquidity, but this is only for large volume
traders like HFTs. On the other hand, Nasdaq charges $.25 per 100 shares for which trades take liquidity.
As the amount of liquidity demanded is slightly less than the liquidity supplied by HFT, these two values
practically cancel themselves out. A rough estimate of the cost of trading is calculated by assuming that
there is an equal number of shares demanded and supplied, thus I can estimate each trade of 100 shares
costs .025 (.05 per trade, but only half of trades are demanding liquidity.) If I assume the average stock
price is $30, then using the total number of implied shares traded (including HFTr-to-HFTr transactions),
the annual transaction cost for HFTs is $344,469,548.

What is important isn’t the level of profitability of HFT, but what it is relative to the alternative, a
market consisting of non-HFT market makers. Thus, I compare how profitable HFTs trades are per dollar
traded as compared to other market makers, specifically specialists of NYSE stocks in 2000. Hasbrouck
and Sofianos (1993) and Coughenour and Harris study the trading activity and profitability of the NYSE
specialists. From the above results, HFT make on average 1/100th of a penny ($.000106) per dollar
traded. Calculating from the summary data reported in Coughenour and Harris, specialists before HFT but
after decimalization (before decimalization reported in parenthesis) made $.00052 ($.000894) per dollar

traded in small stocks, $.00036 ($.00292) per dollar traded in medium stocks, and $.00059 ($.0025) per

19This number is less than what others have estimated. An article by The Tabb Group claimed HFTs made around $21 billion
annually. However, the $3 billion annually from U.S. equities is in line with other claims. For instance, a Wall Street Journal
article states that Getco made around $400 million in 2008 across all of its divisions (it trades on fifty different exchanges
around the world and in equities, commodities, fixed income, and foreign exchange. Even if $200 million of that profit were
from U.S. equities it is still in line with my findings that 26 firms split profits of $3 billion as Getco is one of the largest HFT
firms.
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dollar traded in large stocks. From this perspective, HFTs are less than a fourth as expensive as post-
decimalization market makers.

Figure 2 displays the time series of HFT profitability per day. The graph is a five day-moving average
of profitability of HFT per day for the 120 firms in the dataset. Profitability varies substantially from day

to day, even after smoothing out the day to day fluctuations.

[Figure 2 about here.]

This section has shown that HFTs engage in a price reversal trading strategy, that HFT tends to occur
more in large stocks with relatively low volume with narrow spreads and depth. In addition, there is little
change in HFT activity during extreme market conditions and HFT slightly increases with exogenous
shocks to volatility. Also, HFTs are profitable, making approximately $3 billion a year, but on a dollar
traded basis they are significantly less expensive than traditional market makers, and that the profitability

is related to volatility. Next, I investigate the role HFT plays in the demand and supply of liquidity.
5.3 HFTs Front Running Hypothesis

Ho : HFTs engage in systematic front running.
Ha : HFTs do not engage in systematic front running.

A potential investing strategy of which HFTs have been claimed to be engaged in is front running.
Some believe HFTs are able to detect when other market participants hope to move a large number of
shares in a firm and that the HFTs enters into the same position just before the other market participant.
The result of such an action by HFTs would be to drive up the cost for non-HFTs to execute the desired

transaction.'!

"Front running is not itself an illegal activity. It is illegan when a firm has a fiduciary obligation to its client and that firm
uses the client’s information to front run its orders. In my dataset, as HFTs are propriety trading firms they do not have clients
and so the front running they may be conducting would likely not be illegal. Yet, it is still a concern. If the HFT are able to
position themselves in a role whereby a trade between two non-HFTs was about to occur its not clear what economic benefit
this is providing and may be a way for HFT from profit from one, or both, sides of the trade. Where HFT and front running
may be especially problematic is if there is market manipulation occurring that is used to detect orders. It may be the case that
”detecting” orders would fall in to the same category of behavior as that resulted in a $2.3 million fine to Trillium Brokerage
Services for “Layering”. Trillium was fined for the following layering strategy: Suppose Trillium wanted to buy stock X at
$20.10 but the current offer price was $20.13, Trillium would put in a hidden buy order at $20.10 and then place several limit
orders to sell, where the limit orders were sufficiently bellow the bid price to be executed. Market makers would see this new
influx of sell orders, update their priors, and lower their bid and offer prices. Once the offer price went to $20.10 Trillium’s
hidden order would execute and it would then withdraw its sell limit orders. FINRA found this violated NASD Rules 2110,
2120, 3310, and IM-3310 (Now FINRA 2010, FINRA 2020, FINRA 5210, and also part of FINRA 5210.
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To see whether or not this is occurring on a systematic basis I look at the frequency of observing
different marketable order sequences. From previous results the percent of marketable orders in a stock
by HFTs and non-HFTs varies substantially. Consequently, when looking for the occurrence of front
running I cannot simply assume the equal probability of seeing different sequences of non-HFT and HFT
marketable orders. Instead, I use a ratio taking advantage of the Panel B similarities in probabilities to
cancel out the fact that seeing the t-1, t pattern of HN is similar to seeing that of HN. For each firm I
analyze the probability of seeing different trading patterns. The approach I take requires the assumption
that the absence of systematic front running will imply that it is equally likely to see a HFTr initiated
transaction after a Non-HFTr initiated transaction as it is to see a HFTr initiated transaction after a HFTr
initiated transaction.

To see whether HFT's tend to trade more just before non-HFTs rather than just after (my definition of
front running) I look at the ratio of the frequency of observing different patterns. I consider five different
patterns: HN, HHN, HHHN, HHHHN, and HHHHHN whereby the last letter stands for the type of trader
demanding to Buy at time ¢, and the preceding letters represent who is demanding to buy in the prior trades
(H represents HFTs, N represents non-HFTs). So depending on the number of time periods considering
the sequence represents times (t — 5,t — 4,t — 3,t — 2,t — 1, t). To account for different probabilities of
seeing an N or a H, each of the five different patterns are scaled by the probability of seeing the opposite
pattern, that is the probability of seeing N initiated buy followed by the different number of H initiated
buy orders. If front running is regularly occurring it should be the case that the probability of seeing a H
before a N would be more likely than the opposite. this would show up in the table as results > 1. A result
of 1 would suggest seeing the two patterns is equally likely, and a value < 1 suggests its more likely to

see an N followed by an H than the opposite. Table 9 shows the results. Column (1) shows the results for

Prob(HN)
Prob(NH)’

and column (5) shows %M. Column (1) has 16 of the 120 firms being > 1, in column (2) 21

Prob(HHN)
Prob(NHH)?

Prob(HHHN)
Prob(NHHH)®

Prob(HHHHN)

column (2) shows Probf(NHHHH)®

column (3) shows column (4) shows
are > 1, in column (3) 18 are > 1, in column (4) 17 are > 1, in column (5) 21 are > 1. Finally the overall
result for each column is < 1. And of those that are > 1, most are either 1.01 or 1.02.

These findings suggest HFTs as a whole are not front running as their main strategy. However, |

cannot conclude there is no front running. It could be that the multiple strategies HFTs use cancel out the

informativeness of this approach of looking at HFT. It could also be that when one non-HFTr marketable
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order executes it is a signal that other non-HFTr marketable orders are coming into the market and so
HFTs quickly first place their own buy orders. The sequence may then look like N H H H N, which would
show up in the results as there being one of each of the following: NH, HN, NHH, HHN, NHHH, HHHN,

and the ratios would equal one.
[Table 9 about here.]

5.4 HFTs Diversity Hypothesis

Ho : HFTs utilize a less diverse set of strategies than non-HFTs.
Ha : HFTs do not utilize a less diverse set of strategies than non-HFTs.

A concern is that if HFTs use similar trading strategies, they may exacerbate market movements. To
determine whether HFT's strategies are more correlated than those of non-HFTs I examine the frequency at
which HFTs trade with each other and compare it to a benchmark model used in Chaboud et al. (2009) that
produces theoretical probabilities of different types of trades (demander - supplier) under the assumption
that traders’ activities are random and independent. Then I can compare the actual occurrence of different
trades to the predicted amount. As above, there are four types of trades, HH, HN, NH, NN, where the first
letter represents the liquidity demander and the second the liquidity supplier and N represents a non-HFTr
and H a HFTr.

Let H, be the number of HFT liquidity suppliers, H; be the number of HFT liquidity demanders, /N
be the number of non-HFT liquidity suppliers, /V; be the number of non-HFT liquidity demanders. The

probability that a HFTr will provide liquidity is then ay = Prob(HFT — supply) = NSIfHS, and the

probability the liquidity is supplied by a non-HFTr is 1 — a,. The probability that a HFTr will demand

liquidity is g = Prob(HFT — demand) = and the probability the liquidity is demanded by a

N+H’

non-HFTr is 1 — . The probabilities of a specific demander and supplier can be calculated: Prob(H H) =
(vg)(a), Prob(HN) = (aq)(1 — as), Prob(NH) = (1 — ag) (), Prob(NN) = (1 — ag)(1 — av).

As a result, the follow fraction holds: 5:222%;\3 = ifnzzggg) Let RN = ]F;TOZE%JP\I? be the non-HFTr
demanding liquidity ratio and RH = irozggg) be the HFTr demanding liquidity ratio. When non-HFTs

are greater than HFTs then Prob(NN) > Prob(NH) and Prob(HN) > Prob(H H). However, regard-

— RH

less of the number of non-HFTs or HFTs, the ratio of ratios, R = &3

will equal one as non-HFT will take

liquidity from other non-HFT in the same proportion as HFT's take liquidity from other HFTs. Therefore,
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if R = 1, it must be that HFTs and non-HFTs trade with each other as much as expected when their trading
strategies are equally correlated. if R > 1 then it is the case that HFTs trade with each other less than
expected, or that HFT trade with non-HFT more than expected.

The proxy used for R in the data is RN = “;Z%\Vfﬁ; and RH = KZ;EZ%; Table 10 shows the results.

The column R shows the results for each stock of the average g—g per day. The column Std.Dev. is the
standard deviation of the R ratio for that stock over time. The column % DaysR < 1 is the fraction of
days in which R < 1. Starting with % DaysR < 1, all stocks have the ratio R < 1 less than 50% of the
time. 42 are in the 0% - 10%s, 18 are in the 10%s, 11 are in the 20%s, 37 are in the 30%s, and 8 are in
the 40%s. Overall 20% of days have 2 < 1. Of the 120 firms, none have an average R less than 1. This
suggests that HFTs trade with each other less than expected or that HFTs trade with non-HFTs more than
expected. The interpretation of this result is that HFTs engage in a less diverse variety of strategies than
non-HFTs, whereby the diverse strategies result in one HFTr deciding to buy and another HFTr deciding

to sell simultaneously. [Note: statistical analysis available soon.]
[Table 10 about here.]

5.5 HFTs Fleeing Hypothesis

Ho : HFTs flee in volatile markets.

H : HFTs do not flee in volatile markets.
5.5.1 HEFT - Volatility Across Market Conditions

What has been shown so far has dealt mostly with means, but a major concern is that HFT's may be around
during normal times, but during extreme market conditions, for example when volatility increases, HFT's
reduce their trading activity. An alternative concern is that HFT induces heightened levels of volatility,
which is specifically addressed in Section 6.3. Here I study how HFTs behave in different levels of
volatility and am not attempting to show a causal effect. I am interested in understanding the relationship
between HFT and volatility as volatility levels change. Therefore, I could perform the following regression

with firm fixed effects using quantile regressions to examine how HFTs behavior varies with volatility:

HFT,; = a+ Volatility; s * 1 + €4,
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where H F'T;; is the percent of shares for firm ¢ on day ¢ involving HFT and Volatility;, is the 15
minute realized return volatility for firm 7 on day t. However, even by using quantile regressions the
picture would be incomplete. Instead, I build a graphical representation of the HFT-Volatility relationship
presented in figure 3. Of interest is how HFTs either pull back or increase their trading activity as volatility

changes. The X-axis consists of 100 bins grouped together based on the VolatilityChange value:

Volatility,, — 3, +Volatility;, 1
T 1 7.
> g X g Volatility;, \/Zthl L[Volatility,, — >°,_, ~Volatility; )2

VolatilityChange; ; =

t=1T

The VolatilityChange variable is the scaled deviation from the mean, where it is scaled by the stan-
dard deviation of a firm’s daily volatility. Without the scaling I would essentially be plotting HFTs fluctu-
ation within firms, with more volatile stocks, which tend to be smaller firms, being further to the right on
the X-axis.

Using the firm-days in each bin I calculate the abnormal HFTr activity, H F'T'C'hange:

1 HFT,,— Y XHFT,
HFTChange; = Z ﬁ[ ! 1H];_71 L ’t] 4)
j T it

Volatility; s
where H F'T' is the fraction of shares in which HFTs are involved and j is the bin in which firm ¢ at
time ¢ is grouped with based on its VolatilityChange. N is the number of observations in group j By
considering firm by firm H F'T'Change I am in effect controlling for firm specific effects. The outcome
is similar to what the equation above would have produced but with the benefit of seeing changes in
HFTs participation at a granular level. The results are in graph 3. There are three graphs, HFT % All,
which looks at all HFTs activity, HFT Supply % Change, which only considers HFTs supplying liquidity
activity, and HFT Demand % Change, which only considers HFTs demanding liquidity activity. In each
graph there are four lines. The level-by-level HFT % change, a 9-period centered moving average of the
HFT % change, and the upper and lower 95 % confidence intervals.
The first graph, HFT % All, HFTs activity appears to be almost flat across volatility levels. Even on the
most volatile days HFT overall activity does not seem to increase or decrease substantially. However, when

volatility is low HFTs activity is less than average. The second figure looks at HFT supply of liquidity.
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HFT provide about 10% more liquidity than usual on very low volatility days. The level of HFT liquidity
slowly declines as volatility picks up, at the highest volatility the HFT liquidity is about 10% less than
on an average day. The third figure considers HFT taking liquidity. On the least volatile days HFT take
about 7% less liquidity than normal, and on the most volatile days they take around 5% more liquidity
than normal. These results show that HFT activity does change with volatility, but not precipitously.
In particular on the most volatile days, HFT do not pull out of the market. On these days, there does
seem to be a 5-10% transfer of HFT activity from supplying liquidity to demanding liquidity. This could
be consistent with the market maker story. On volatile days there will be more situations where HFT's
inventory becomes unbalanced and they have to demand liquidity to unload positions, whereas on low
volatility days more of this rebalancing can be done through supplying liquidity. The change in liquidity
taking is also consistent with a statistical arbitrage story. When prices are not moving around there is little
deviations across markets and stocks and so HFT arbitragers aren’t making marketable trades. However,
when prices are volatile there are more arbitrage opportunities for which HFTs will step in and demand

liquidity.
[Figure 3 about here.]

Table 3 looks at day level volatility. But higher frequencies are also of interest given that prices can
fluctuate dramatically during one portion of the day but not the rest and so this short term deviation may
not be picked up at a day level analysis. Therefore, I look at the data in 15 minute intervals. In addition,
instead of looking at volatility I examine returns during the 15 minute period. Given this, I can separate
the analysis along a variety of different criteria such as positive and negative return episodes, HFTs buying
and selling activity, and HFTs supplying and demanding liquidity.

The variables are similarly defined as above, but adjusted to look at returns, not volatility:

1
X )
t=T,m=M 1 2
\/Zz’,t,m TxM Reti,t,m

where Ret, ; ., 1s the return during that time period for firm ¢ on day ¢ during period m.

PriceChange; 1 m = Retitm

1 HFTpm — M LHFT, 0
HFTChange; =y, [ T & %)
J M 2,t,m

PriceChange; s mej
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HF'T takes on one of five definitions: All Activity, Buy-Demand, Buy-Supply, Sell-Demand, or Sell-
Supply where each defines H F'T" as the percent of all trades that occur in the market that satisfy the criteria
implied in the name, where the Buy/Sell refers to HFTs activity, and Supply/Demand refers to HFTs role
in the transaction. I remove observations where the return was 0 for that period, and remove those periods
where less than 30 trades occurred. The results are in tables 4 and 5. Results for price increases are
in table 4 and those for price declines are in table 5. The figures show the five-period centered moving
averages. Even with smoothing the results are noisy. In both the price inclines and declines, and for all
cuts, there is no consistent pattern. This suggests that HFTs are not pulling back liquidity, or driving prices
during large price swings.

These results suggest that during large price declines HFTs do not make unusually large sell demands,
and they do not stop providing liquidity to those who are selling. Similarly with price inclines HFTs do

not make unusually large buy demands, and they do not stop providing liquidity to those who are buying.

[Figure 4 about here.]

[Figure 5 about here.]

5.5.2 Volatility’s Impact on HFT Trading

The above results still don’t overcome the likely endogeneity between HFT and volatility. To overcome
this one must find situations in which there are exogenous shocks to volatility. Exogenous shocks to
volatility typically come from new information entering the public domain. Thus, a natural time to ex-
pect exogenous shocks to volatility is during quarterly firm earnings announcements. In the HFT sample
dataset, days on which firms announce their quarterly earnings have higher volatility than the average non-
announcement day for that stock. Thus, not only is it that the volatility is likely exogenous, coming from
news and not traders’ churning, it is at elevated levels. The difference is small, but statistically significant.
Using OLS regression, I regress the percent of shares in which HFTs were involved on a dummy variable,
Quarterly EADummy, which is one for firm ¢ if the observation is on the day of or the day after firm ¢
reported its quarterly earnings, and zero otherwise. The dependent variable in column (1) is the percent
of shares in stock ¢ in which HFT was involved, in column (2) it is the percent of shares in stock ¢ in

which HFT was involved and was demanding liquidity, in column (3) it is the percent of shares in stock ¢
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in which HFT was involved and was supplying liquidity. The results in table 11 Panel A show that HFT
activity increases with a shock to volatility. For the quarterly earnings announcements, the increase arises
from HFT supplying liquidity in a larger fraction of shares.

Another time in which there was an identifiable exogenous shock to volatility was the week of Septem-
ber 15 - September 19., 2008. This was the week in which Lehman Brothers collapsed, volatility spiked,
and there was a high level of information uncertainty. Like the quarterly earnings announcements, the
week in September when Lehman failed and a randomly chosen week in November also shows that firms
in the September week have statistically significantly higher volatility. I therefore test whether there is a
difference in HFT activity during the week of September 15, 2008 and the week of November 3, 2008
(this week is chosen as it is sufficiently far away to reduce the autocorrelation impact of volatility, but not
too far away as for there to have been a significant change in HFTs strategies. Using OLS regression, I
regress the percent of shares in which HFT were involved on a dummy variable, LehmanW eek Dummy,
which is one for all firms for observations on the dates September 15, 2008 - September 19, 2008 and
zero otherwise. The dependent variable in column (1) is the percent of shares in stock ¢ in which HFT
was involved, in column (2) it is the percent of shares in stock ¢ in which HFT was involved and was
demanding liquidity, in column (3) it is the percent of shares in stock ¢ in which HFT was involved and
was supplying liquidity. The results show that HFT activity increases with a shock to volatility. For the
Lehman Week increase in HFT, the increase arises from HFT supplying liquidity and demanding liquidity

in a larger fraction of shares.

[Table 11 about here.]

6 Market Quality

In the previous section I addressed issues relating to HFTs activity, in this section I analyze their impact
on market quality. By market quality I mean price discovery, liquidity, and volatility. I do so by addressing
three questions: Do HFTs contributes to the price discovery process? What role does HFT in providing
market liquidity? and Do HFTs generate or dampen volatility? Using three Hasbrouck measures, I find
that HFTs play an important role in the price discovery process. I find that HFTs frequently offer better

bid and offer prices than do non-HFTs. However, they provide less depth than non-HFTs. In addition, they
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tend to supply liquidity to trades that do not contain private information. Finally, I find weak evidence that

volatility is either unaffected by HFT or that it decreases slightly.
6.1 HFT Price Discovery Hypothesis

Ho : HFTs do not add to the price discovery process.
H : HFTs do add to the price discovery process.

HFT makes up a significant portion of market activity, both on the demand side and the supply side,
but that does not imply its activities increase price efficiency. In this section I utilize three of Hasbrouck’s
methodologies to see whether HFTs provide new information to the market. First, I utilize the impulse
response function whose results can be interpreted as the amount of private information different traders
bring to prices by measuring the amount of the price adjustment from the trade that is permanent. HFTs
provide more private information to the market than do non-HFTs. Second, I use a variance decompo-
sition technique that takes the results of the impulse response function and relates the different type of
traders’ trades to the price discovery process. The results show that HFTs are more important in the price
discovery process than non-HFTs. Finally, I implement the information shares approach which takes the
innovations in HFTs and non-HFTs quotes and decomposes the variance of the common component of the
price to attribute contribution to the efficient price path between the two types of traders. HFTs provide
substantially more information to the price process than do non-HFTs. The Hasbrouck methodologies

utilized in this paper are similar to those found in Hendershott and Riordan (2009) and other papers.
6.1.1 Permanent Price Impact

To measure the information content of HFT and non-HFT I calculate the permanent price impact of HFT's
and non-HFTs trades. Hendershott and Riordan (2009) performed a similar calculation for trader types
looking at algorithmic trading, while Barclay, Hendershott, and McCormick (2003) used the technique to
compare information from different markets. The HFT dataset is especially well suited for this as it is in
milliseconds and thus avoids problems of multiple trades occurring in one time period, as occurs with data
denoted in seconds. I estimate the model on a trade-by-trade basis using 10 lags for HFT and non-HFT
trades. I estimate the model for each stock for each day. As in Barclay, Hendershott, and McCormick
(2003) and Hendershott and Riordan (2009), I estimate three equations, a midpoint quote return equation,

a HFT equation, and a non-HFT trade equation. The time index, ¢, is based on event time, not clock time,
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and so each ¢ is an event that is a trade. ¢ is defined as the signed (+1 for a buy, -1 for a sell) HFTs
trades and ¢ is the similarly denoted signed non-HFTs trades. r; is defined as the quote midpoint to

quote midpoint return between trade changes. The 10-lag vector auto regression (VAR) is:

10 10 10
Ty = Z Q;Te—; + Z 52'(]1{{1' + Z %‘ql{\ii + €Lt
i=1 i=0 i=0
10 10 10
Qf{ = Z OiTe—i + Z Piqgi + Z Clng\iz + €,
i=1 i=0 i=0

10 10 10

N H N

QG = E T + E Viqy_; + E Viqy; + €34
i=1 i=0 =0

After estimating the VAR model, I invert the VAR to get the vector moving average (VMA) model to

obtain:

r a(L) b(L) o(L)| |ews
gt | = |d(L) e(L) f(L)| |e] (6)
a g(L) h(L) i(L)| |ess

where the vectors a(L) - i(L) are lag operators. Hasbrouck (1991a) interprets the impulse response
function for HFT, Zgo b(L), as the private information content of an innovation in HFT. The non-HFT
impulse response function is Ziio c(L) and is the private information content of an innovation in non-
HFT. The impulse response function is a technology first used in the macro-economic literature to de-
termine the impact of an exogenous shock to the economy as it worked its way through the economy.
Hasbrouck (1991a) and Hasbrouck (1991b) took this methodology and applied it to the microstructure lit-
erature. The expected portion of a trade should not impact prices and so should not show up in the impulse
response function; however, the unexpected portion, the innovation, of a trade should influence the price
of future trades. The impulse response function estimates this impact on future trades.

Table 12 shows the results of the HFT and non-HFT impulse response function for 10 events into the
future. There are 105 firms presented as fifteen stocks do not contain enough data to calculate the VAR.
Each stock is reported individually. For each stock I estimate the statistical significance of the difference

of the impulse response function for the HFT and non-HFT 5 trading days using a t-test. The t-test is
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adjusted using Newey-West standard errors to account for the time-series correlation in observations. Also,
I calculate the overall average HFT and non-HFT impulse response function, this calculation incorporates
the Newey-West correction for time series and also a correction for the cross-section correlation standard
errors.

Of the 105 companies represented 90 of them have the HFT impulse response function being larger
than the non-HFT impulse response. None of the 15 firms where the non-HFT impulse response function
is larger than HFT’s are statistically significant. Of the 90 in the other direction, 26 of the differences are
statistically significant. On average, HFT’s impulse response function is 1.017 and Non HFT’s impulse
response 1s 0.759. The overall difference is statistically significant. This suggests that HFTs trades provide
more private information than do non-HFTs trades. This is similar to the findings in Hendershott and
Riordan (2009) with algorithmic trades. Thus, an innovation in HFT tends to lead to a 34% greater

permanent price change than does a trade by a non-HFTT.

[Table 12 about here.]

6.1.1.1 LR - SR Price Impact The results in table 12 show that HFT has a larger price impact than
does non-HFT over the ten period interval. An item of interest is whether the price impact is immediate or
gradual over the ten future time periods. Similar to the methodology used in Chaboud, Hjalmarsson, Vega,
and Chiquoine (2009) and Hendershott and Riordan (2009), I test whether the price process may cause an
immediate overreaction to one type of trade and that over the next nine periods in the future the impact
decreases. If it is the case that there is an immediate overreaction to a HFTs trade this would support the
theory that HFTs increase the volatility of markets. To analyze this I report the difference between the
long-run (LR; 10 event forecast horizon) and short-run (SR; immediate) impulse response functions in
table 13.

Of the 105 The LR-SR impulse response is less for HFTs than for non-HFTs in 25 of the 105 firms.
Of those 25 firms none are statistically significant. Of the 80 firms where the LR-SR impulse response
function is greater for HFTs than non-HFTs 15 are statistically significant. Also, for each market par-
ticipant column, a positive number implies that the LR impact of a trade is greater than the SR impact,
and a negative number implies there is a short run overreaction and that over the next nine periods the

permanent price impact falls. The results of table 13 suggest that HFTs individual innovations have more
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private information than non-HFTs trades and that the difference is persistent and increases beyond the

immediate impact of the trade.
[Table 13 about here.]
6.1.2 Aggregate Amount of Information in HFT - Variance Decomposition

The permanent price impact section above shows that HFTr demanded trades add important information
to the market, but the methodology does not directly estimate the importance of HFT and non-HFT in the
overall price formation process. To examine this I follow Hasbrouck (1991b) to decompose the variance
of the efficient price into the portion of total price discovery that is correlated with HFT and non-HFT.
The results indicate which trades contribute more to price discovery. The methodology decomposes the
variance of the efficient price into the portion of total price discovery that is correlated with HFT and
non-HFT trades.

This analysis was also in Hendershott and Riordan (2009) to determine whether algorithmic or human
traders contribute more to price discovery and I follow a similar methodology. To perform the variance
decomposition the return series r(using midpoint returns to avoid the bid-ask bounce) is separated into its
random walk component m; and stationary component s;: r; = m; + S;.

m, represents the efficient price where m; = m;_; + w; and w; is a random walk with Fw; = 0; s; is
the non-persistent price component. Let 02, = Eei, 02, = Ee3, and 02, = Ee3, I decompose the variance of

the efficient price m, into trade-correlated and trade-uncorrelated changes:

10 10 10
on = a) ol + (O bl + (D)ol (7)
=0 =0 =0

where the a, b, c are as defined in the previous section as the lag coefficients found in the VMA matrix.
The (Ego b;)?0? term represents the proportion of the efficient price variance attributable to HFT and the
(32,2, ci)?02, term represents the non-HFT proportion of the efficient price variance. The (3°,2, a;)%02
term is the already public information portion of price discovery.

The results from this exercise are found in table 14. I report the average contribution by HFT and
by non-HFT for each company over the five days. The final column is the t-statistic for the difference

between the HFT and non-HFT contribution and is adjusted for its time-series correlation with Newey-

West standard errors. I also report the average overall contribution, whose t-statistic is corrected for
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time-series correlation and for cross-sectional correlation. The HFT column is the contribution to price
discovery from HFTs, and the same interpretation is true with the non-HFT column. The contribution to
the Returns component (the public information) is the public information related to price discovery, it is
unreported here for lack of space, but can be easily calculated by taking the difference between 1 and the
sum of the HFT and non-HFT components.

Of the 118 firms 68 of them show HFT as having a greater contribution to price discovery, and 28 of
those stocks” HFT - non-HFT contribution difference is statistically significant. In the 50 stocks where the
non-HFT contribution is greater than that of the HFT, the difference is statistically significant for 7 firms.

On average HFT contributes 86% more to price discovery than do non-HFT.
[Table 14 about here.]

6.1.3 Information Share

This section examines the role HFTs and non-HFT's quotes play in the price discovery process, whereas the
previous two sections had been analyzing the role of trades. I use the Information Shares (IS) approach
introduced by Hasbrouck (1995) and that is used in, among others, Chaboud, Hjalmarsson, Vega, and
Chiquoine (2009) and Hendershott and Riordan (2009). This approach has been used to determine which
of several markets contributes more to price discovery, and, as will be done here, to determine which type
of market participant contributes more to the price discovery process.

The approach is as follows. I calculate the HFT and non-HFT price path. Next, if prices follow a
random walk then I can represent the change in price as a vector moving average (VMA). I can decompose
the VMA variance into the lag operator coefficients and the variance of the different market participants’
price paths. The market participants’ variance is considered the contribution of that participant to the
information in the price discovery process. From the VMA I gather the variance of the random walk and
the coefficients of the VMA innovations.

The price process is calculated from the HFT and non-HFT midpoint, M P/*'T = Inside Bid?*T +
InsideAskfrT) /2 for HFT, and done similarly for non-HFT. Then the price process for HFT and non-
HFT is p/ I = my + 7T and ppHfT = my + eMET respectively, and the common efficient price path is
the random walk process, m; = m;_1 + ;.

The price vector of the HFT and non-HFT price process can be put into a VMA model:
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where W represent the lag operator vector from above and the sigmas represent the V ar(e;) from above.

As the quote data I have is updated every time a new inside bid or ask is posted by a HFT or a non-HFT
the diagonal values of the covariance matrix should be nearly perfectly identified. That is, as the book limit
order book is updated every millisecond for which an order arrives, there should be no contemporaneous
correlation between HFT and non HFT quote changes.

The results are found in table 15. The information share attributable to HFTs and non-HFTs from their
quote time-series process. The table shows the average information share (which sums to 1 for each stock)
for each stock. The average is over the five days in the dataset. The t-statistics are based on the difference
in the information share between HFT and the non-HFT and incorporates Newey West standard errors to
account for time series correlation.

The results in Table 15 show which quotes contribute more to price discovery, HFT or non-HFT. The
information share of a participant is measured as that participant’s contribution to the total variance of
the common component of the price. 73 stocks have the HFT information share being larger than the
non-HFT information share. Of those 36 of the stock have HFT being statistically significantly providing
more information in their quotes than non-HFT. Of the 43 companies where the non-HFT have a larger
information share than HFT, twelve of the differences are statistically significant. In addition, overall
HFTs contributio is .58 compared to non-HFTs .42 and the difference is statistically significant. This

suggest that in quotes, like in trades, HFT are important in the price discovery process.

[Table 15 about here.]
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6.2 HFTs Liquidity Hypothesis

Ho : HFTs do not provide liquidity.
H : HFTs do provide liquidity.

This section analyzes HFT and the supply of liquidity. I show that, beyond supplying liquidity in
51.4% of all trades, HFTs frequently supply the inside quotes throughout the day. I then consider the
determinants that influence which stocks, and on what days, HFTs provide the inside quotes. Next, I
examine the depth of liquidity provided by HFT and non-HFTs. While removing either type of trader
would result in a larger price impacts of trades, removing non-HFTs has a larger impact. Finally, using the
Price Impact measure from the previous section, but applying it to the case of who is supplying liquidity,

I find that HFTs provide liquidity for less informative trades.
6.2.1 HFT Time at Inside Quotes

To begin analyzing HFT role in providing liquidity in the stock market I look at the amount of time HFT's
supply the inside bid or offer. For each stock, on each day, I report the average number of minutes HFTs
are providing the inside bid or offer. I include in the value the time during which HFTs quotes are better
than non-HFT's quotes or match them. The results are shown in table 16.

Table 16 looks at, for the 120 sample stocks, whether HFT's provide the best inside quote (bid or ask).
The manner in which the metric is constructed results in there being a total of 780 minutes ( 2*60%*6.5) that
a HFT could potentially be providing the inside quote. This is twice as many minutes then what actually
occur during the trading day. Table 16 has three panels. Panel A is for all stocks at all times, Panel B
and C divide the time at the best bid and offer based on whether spreads that day are higher then average.
Panel B reports the results for days in which quotes are below their daily mean. Panel C reports the results
for days in which quotes are at or above their daily mean. In each Panel the data are divided into three
groups, with 40 firms each, based on firm size and the results are the different rows, Small, Medium, and
Large. The total row is the unconditional results.

Panel A shows that HFT firms frequently provide the best bid and offer quotes. As the firm size in-
creases HFT's are more competitive in their quotes, matching or beating non-HFTs quotes for a significant
portion of the day.

Panel B and C divide the stocks into those that are offering lower (Panel B) spreads than average and
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those offering higher spreads than average (Panel C). The results between the two subsets do not differ
much from one another. In fact, the Total mean is only 30 seconds more during the high spread period than
the low spread period. Although this is consistent with HFT's attempting to capture liquidity supply profits
as found in Foucault and Menkveld (2008) and Hendershott and Riordan (2009) make/take liquidity cycle,

the difference is small.

[Table 16 about here.]

6.2.1.1 HFT Time at Inside Quotes Determinants Table 16 shows that HFTs produce the inside
quotes frequently, but not as often as non-HFT. I perform an OLS regression similar to that found in
table 5 to understand what determinants are related to which stocks and days HFT prduces the best quotes.
Table 17 shows the results. It is very similar to table 5, with all variables being defined exactly the same

as before except the dependent variable. The regression is:

Ly, = a+MC;*B+ MDB;* s+ NT;; x5+

NV * Ba+ Depiy * Bs + Vol x Bs + AC; ¢ * b7,

where the variables and subscripts are defined as above, and the dependent variable, L; ; is the percent
of the time for which HFTs provide the best inside quotes compared to all times when HFTs and non-HFT's
quotes differ.

The coefficients reported, like those in table 5, are standardized beta coefficients which allows for
an easy way to decide which determinants are more important. The results suggest there are several
explanatory variables that matter, all except Autocorrelation are statistically significant, and all except
AverageDepth have coefficient magnitudes greater than .16. MarketCap. and #of NonH FTTrades
have positive coefficients, with MarketCap. being the most important determinant of HFTs providing the
best quotes. The other coefficients are negative, suggesting that HFT's prefer to provide the inside quotes

for value firms, less volatility firms, firms with narrower spreads, and firms with a lower book depth.

[Table 17 about here.]

38



6.2.2 Book Depth from HFTs and non-HFTs

Thus far, the analysis on liquidity has been by looking at the best inside bid and ask. Another way of
looking at HFT impact on liquidity is by looking at the depth of the book supplied by HFT. I analyze what
difference having HFTs provide liquidity in the book provides in decreasing the price impact of a trade.
That is, one can observe the book with all of the limit orders in it and then remove the liquidity provided
by HFTs and see what the impact would be on the cost of executing a trade for different size trades. The
results of this exercise are presented in table 18. I consider a variety of different impacts based on the
number of shares hypothetically bought. The number of shares varies from 100 to 1000. Table 18 shows
the price impact based on market capitalization and also for the overall sample (column All). The market
capitalizations are divided so that Very Small includes firms under $ 400 million, Small are those between
$400 million and $1.5 billion, Medium are those between $1.5 billion and $3 billion, and large are for
firms valued at more than $3 billion. I present both the dollar impact, where a 1 represents one dollar
increase in the price impact if HFT were not in the book, and a Basis impact, where a 1 represents a 1
basis percent increase if HFT were not in the book.

Panel A shows the results of removing HFT from the book. As the trade size increases, the price
impact increases across firms of all sizes and for all ten trade size increases. The Small category tends to
be more impacted by the withdrawal of HFT liquidity than is the Very Small category. One might expect
the very small to impacted the most and their be a downward trend in impact as one moves to the large
firms, but this need not be the case if HFTs did not have many orders in the book to begin with. The price
impact is sizeable. For an average 1000 share trade, if HFT were not part of the book the price impact
would be .19 percent higher than it actual is because of the liquidity HFTs provide.

Panel B shows the results of removing non-HFTs from the book. Across all categories the removing
of non-HFTs has a much larger impact than does the removal of HFTs. This means that although HFT's
supply liquidity in 41% of all dollars traded, they provide only a fraction of the depth compared to non-

HFTs.
[Table 18 about here.]

A concern with this analysis is the endogeneity of limit orders (Rosu, 2009) and the information they

may contain (Harris and Panchapagesan, 2005; Cao et al., 2009). That is, a market participant who sees a
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limit order at a given price or in a certain quantity (or absence thereof) may alter his behavior as a result.
First, the most important part of this table is the comparison between HFT and non-HFT depth. With that
being said, it is not clear whether once the market participant observed a given limit order he would be
influenced to place his own limit order entry, place a marketable order, or to withhold from entering the
market. Thus, the dynamics are not clear whether this increases or reduces the impact of the previous
analysis. In addition, this concern should be even further dampened as market participants can always
choose not to display their limit orders.

To get a better understanding of the HFT and non-HFT book depth figure 6 includes three graphs,
the price impact from removing HFTs book orders, the price impact of removing non-HFT's book orders,
and the ratio of the two (non-HFTs / HFTs) for all firm sizes with a 1000 share order working through the
book. The X-axis has labeled the first day of five for which the data shows results. That is, The observation
01-07-08 is followed by observations on Januay 8th, 9th, 10th, and 11th of 2008. the next observation is
for April 7, 2008 and is followed by the next four consecutive trading days. The difference between non-
HFTs and HFTs depth is large and persistent, but appears to be decreasing in the latter part of the data
sample. That is, although HFTs continue to provide less depth than non-HFTs the gap is closing. The
correlation coefficient between the VIX and the non-HFTs / HFTs book ratio is -.38, so when expected

volatility is high, HFTs narrow the difference in their book depth compared to non-HFTs.
[Figure 6 about here.]

6.2.3 Who Supplies Liquidity To Informed Traders

The liquidity results so far have shown that HFTs competitively provide the best bid and offer a significant
portion of the day and that they provide some depth on the book. The perceived advantage of being a HFTr
is the ability to quickly update one’s quotes so as not to be caught providing liquidity to informed traders
who are going to move prices and cause the liquidity provider to lose money.

The Hasbrouck Price Impact measure used above was a way to capture which liquidity takers were
having a permanent impact on prices and this was interpreted as what type of traders had private informa-
tion. Here I apply the same technique as the Price Impact measure but consider who is supplying liquidity
to informed traders. That is, before I defined ¢ and ¢"¥ based on who is demanding liquidity, now I do it

for the supplier of liquidity in a trade. The ¢ will be a +1 when a HFT supplier sells and -1 when a HFT
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supplier buys, The ¢" value is similarly defined for non-HFTr supplied trades. The results can then be
interpreted as determining what type of trader supplies liquidity to informed traders. The larger the result
means more information is imputed into a stock price from trades for which that type of trader supplied
liquidity.

The results are in table 19. The column HFT is the private information from HFT supplied trades and
the nHFT column is the private information from non-HFT supplied trades. If it is true that HFT's use their
speed to avoid informative trades this would show up with the HFT column being smaller than the nHFT
column. Of the 102 stocks with enough observations, this is true for 66 of them. Of these 66 firms 22
are statistically significant. Of the 48 where HFT is larger than nHFT only 4 are statistically significant.
Overall though, HFT is larger than nHFT, but this difference is not statistically significant. The fact that
more firms have nHFT being greater than HFT and many more of these are statistically significant than
those with the other sign, this is inline with HFTs being able to more precisely pick trades with new

information and avoid trades with important private information.
[Table 19 about here.]

6.3 HFT Volatility Hypothesis

Ho : HFTs increase market volatility.
H : HFTs do not increase market volatility.

The final market quality measure I analyze is the causal relationship between HFT and volatility. I
have already considered volatility in previous areas, both the general relationship and also the impact of
an exogenous shock to volatility on HFT's market participation. The results suggest that HFT and volatility
are linked. I had found that HFTs overall activity is little changed with volatility, but that they decrease
the liquidity they supply, and increase the liquidity they demand, as volatility increases. When there is an
exogenous shock to volatility HFTs tend to increase their market participation. In this section I approach
the question of how HFTs impact volatility. First, I use the period surrounding the short sale ban in
September, 2008 as an event study and evaluate the impact on volatility of an exogenous decrease in HFT.
Next, I compare the price path of stocks with and without HFT being part of the data generation process.

The results are not strong but suggest that HFT's either have no impact on volatility or reduce it to a degree.
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6.3.1 Exogenous Shock to HFTs

As seen in previous sections, HFT is influenced by volatility. Now I study whether HFT influences volatil-
ity. Before I used exogenous shocks to volatility to study its influence on HFTs. Here I use an exogenous
shock on HFTs to study the reverse relationship. The exogenous shock I utilize is the September 19, 2008
ban on short sale trading for 799 financial firms, which was in place until October 9, 2008. Of the 120
firms in the HFT sample dataset, 13 were on the ban list. The ban did not directly stop HFTs from trading
in those shares. However, after talking with HFT firms, it is clear they avoided these stocks as their strate-
gies require them to switch freely between being long or short a stock, and I can observe in the data that
HFTs activity dropped precipitously during this period (for the 13 affected stocks). Thus, the short sale
was in fact a defacto ban on a portion of HFTs. In a quick-to-follow clarification, the SEC made clear that
officially designated market makers were not subject to the ban and could freely short sell the 799 stocks.
One reason HFT during this period does not drop further is that a portion of firms identified as HFT's are
official market makers and so they did not experience the same trading limitations as their non-designated
counterparts.

With the 13 effected firms I use the variation in the decline in HFT activity as different levels of
treatment and study the subsequent change in volatility. As all 13 firms are in the short sale ban, there is
no concern that my results are actually an implication of the ban itself. In addition, I match each of the
13 treated firms to a firm in the unaffected group based on proximity of HFT market participation in the

week prior to the ban. I run the following OLS regression:

AVola;; = HFT%Change;+ * 51 + €4,

where AV ola is the percent change in volatility for firm ¢ between the pre- and post- ban period after
differencing out the change in its comparable control firm, W HFT%Change;, is the percent
pre

change in HFT activity pre- and post- ban after differencing out the change in its comparable control firm,

HFTpost—HFTpre

Ty . The results are in table 20. Column (1) shows the results when looking at the one-day level

activity. That is, the pre ban data are for September 18, 2008, and the post ban data are for September 19,
2008. The results in column (1) shows no relationship between an exogenous shock in HFT and volatility.

Column (3) performs the same analysis but uses the week average, using the average per stock data of
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the five trading days prior to September 19, 2008, for the pre ban data, and the average per stock data of
the five trading days after the ban for the post ban data. This approach produces a negative coefficient on
HFT%Change which is interpreted as the more HFT decreased, the greater the rise in volatility. The
coefficient is statistically significant only at the 10 percent level. Given the sparse number of observations,
I implement a non-parametric bootstrap looping through the data 50 times (using replacement). This has
no impact on the statistical significance of the Day level analysis as seen in column (2). However, using the
bootstrap technique for the Week level analysis results in HFT % Change showing statistical significance

at the 5% level.

[Table 20 about here.]

6.3.2 Alternative Price Path

I also take an alternative approach to studying the impact of HFT on volatility. To reduce the impact of
endogeneity, | take advantage of the book data I have available in one minute increments. With this data
I can estimate what the price impact would have been had there been no HFTs demanding liquidity or
supplying liquidity. That is, I have the actual price series for each stock, but I can supplement that with
the hypothetical price series of each stock assuming that there were no HFT in the market. However, if
I remove HFT liquidity providing trades and replace it with the implied price after looking at how far
through the book a marketable order would have to go to get filled, this will certainly increase volatility.
Thus, instead of removing all types of HFT transactions I only remove HFT initiated trades.

There are a varying degree of ways in which this exercise can be performed. The two most plausible
alternatives are: (a) remove all HFT initiated trades and generate the price path that a stock would take
if the non-HFTs had made the same buy and sell decisions based on the prior non-HFTs price That is,
determine the return from each non-HFTr initiated transaction in the true price path, then remove the
HFTr initiated trades and recalculate the price path assuming the non-HFTr buy and selling was the same
and the returns were the same. (b) leave prices untouched and simply trim out the HFTr trades, assuming
that the prices would have achieved their actual levels but would simply jump around more (as there would
be no HFT initiated trades). I take the latter approach. I do so as it is a more conservative technique and

violates the microstructure theory to a lesser degree.
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I calculate the 1-minute realized volatility,the sum over one minute increments of the absolute value of
the returns over the day, with and without HFTr initiated trades using the technique described in part (b)
of the previous paragraph. I do this for each for each stock on each day from February 22, 2010 - February
26, 2010. For the calculation I use the return from the trade closest to period 0, but occurring after time
0, and the trade closest to period 1 with the trade occurring on or after time 1. If HFTs increase volatility
then by “trimming” the price path I should see volatility decrease by removing their trades. If they are
reducing volatility or not impacting it I should see volatility increase or remain unchanged. That is, if they
are increasing volatility, then they are buying at the peaks and selling at the troughs, by removing them I
am leveling out the price path. If they have no impact or are decreasing volatility then removing the HFT
initiated trades will either leave volatility unaffected, or will increase it as the previous HFT buy (sell) at
a low (high) will be replaced in the realized volatility return by a non-HFT buy (sell) at a higher (lower)
level.

Table 21 shows the results. Of the 120 firms, 72 of them have a higher vo