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Abstract

In this research, the evolution and emerging trends of High Frequency
Trading (HFT) research is conducted by examining papers published in the
Web of Science (WOS) from 1993 to 2017. A total of 241 papers are
included, and 1876 keywords from these articles were extracted and
analyzed. For tracing the dynamic changes of the HFT Research, the whole
24 years are further separated into three consecutive periods: 1993-2002,
2003-2012, and 2013-2017. The Ucinet is adopted to get keywords
network, or knowledge network, to study the relationship of each research
theme. NetDraw is applied to visualize network. The social network
analysis (SNA) technique is used to reveal patterns and trends in the
research by measuring the association strength of terms representative of
relevant publications produced in HFT field. Results indicate that HFT
research has been strongly influenced by these keywords: “market”,

99 €6

“prices”, “finance”, “liquidity”, “statistics”, “financial markets”, “stock”,
“stochastic”, “model” and “trades” as shown in Table 3, which represent
some established research themes. These are major focuses and the bridges
connecting to other research themes in HFT. The detailed analysis in
“Discussions and implications” provides an overview of evolution and
emerging trends in HFT Research. It concludes that “market performance”
related keywords, which represent some established research themes, have
become the major focus in HFT research. It also changes rapidly to
embrace new themes. Especially, this research may make contribution to
enlarge research method in that there is no SNA research in HFT research

before.

Keywords: High Frequency Trading, HFT, Social network analysis, SNA, emerging

trends
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1. Introduction

1.1 Background

In 1602, Amsterdam Stock Exchange, world’s first stock market,
formally began trading in securities. In the beginning of 17th century,
Rothschilds started using carrier pigeons to arbitrage prices of the same
security by relaying information ahead of their competitors. In 1983 —
Bloomberg — world’s first computerized system to provide real-time price
feed and analytics to Wall Street firms — officially kicked off.

As the stock market has become nearly exclusively electronic,
advances in computer technology and automated algorithm trading have
speeding the transmission and execution of security transaction orders, and
thus establishing High Frequency Trading (HFT)?.

In 1998, SEC authorized computerized high frequency trading,
capable of executing trades 1000 times faster than humans. In 2000, HFT
accounted for less than 10% of total equity trading but at the turn of the
21st Century execution time of HFT trades reduced from several seconds
to microseconds in 2010 and then further reduced to nanoseconds in 2012.

In 2005, HFT share rose to 35% of total equity trades across the United
States. Then in 2010, HFT share in total equity trading increased further to
56%. On May 6th 2010, $1 trillion was wiped off the market as dow
plunged 1000 points in a single day because of computer-driven selling of
over $4b. HFT firms were blamed for the crash. In 2011, nano trading
technology allowed execution of trade in just few nanoseconds. One
nanosecond equals one billionth of a second.

In Sep. 2012, the launch of determiner turns social media news into
actionable trading signals and helps reporting the latest business news 54
minutes faster than conventional news mediums. In late 2012, the share of
HFT increased to 70% of the total US equity trading. During the same year,
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HFT industry attracted investment worth millions. A custom-made chip
developed for HFT allowed trade execution in 0.000000074 second. A
special cable worth $300 was built just to save 0.006 second off the
transaction time.

In Nov. 2012, FBI began investigation about social media frauds amid
its high impact on stock markets. In April 2, 2013, CFTC and SEC banned
financial announcements relating to public companies on social media. In
April 4, 2013, Bloomberg terminals included live tweets into its data
service. April 23, 2013, a false tweet about white house bombing caused
Tsunami in financial markets, Dow plunges 1% in just 3 minutes. Later on,
a server based in Washington DC archived capability to transmit data to
New Jersey at the speed of light thanks to superfast microwave
transmission technology

In September 18, 2013, around 2pm, Fed surprised Wall Street by
announcing a delay in QE tapering. Assets worth $600m had changed
hands in milliseconds before the news reached Chicago. Then on
September 2013, Italy became first country to impose tax on HFT. A
0.002% tax was imposed on equity trades closing before 0.5 seconds. In
2013, economists debate risks of HFT trading amid 2010 crash; some
economists demanded a complete ban on HFT. In Oct 7, 2016, Pound
nosedived more than 800 pips in just few minutes; economists blamed HFT
for the cable’s mysterious crash?.

1.1.1 What is High-Frequency Trading (HFT)

High Frequency Trading (HFT) is a type of algorithmic trading in
which large volumes of assets are bought and sold automatically at very
high speed. HFT is a very popular form of trading. It can generate quick
profits with steady win-rate on certain market conditions.

In financial markets, HFT is a type of algorithmic trading characterized
by high speeds, high turnover rates, and high order-to-trade ratios that
leverages high-frequency financial data and electronic trading tools. While
there 1s no single definition of HFT, among its key attributes are highly

8

DOI:10.6814/NCCU201901120



sophisticated algorithms, co-location, and very short-term investment
horizons. HFT can be viewed as a primary form of algorithmic trading in
finance. Specifically, it is the use of sophisticated technological tools and
computer algorithms to rapidly trade securities. HFT uses proprietary
trading strategies carried out by computers to move in and out of positions
in seconds or fractions of a second®.

HFT is a program trading platform that uses powerful computers to
transact a large number of orders in fractions of a second. It uses complex
algorithms to analyze multiple markets and execute orders based on market
conditions. Typically, the traders with the fastest execution speeds are more
profitable than traders with slower execution speeds®.

1.1.2 How does HFT work?

High frequency trading strategies describe an algorithm that is trading
thousands of times a day, to capture inefficiencies in the exchange rate of
a currency pair or some other financial instrument. The concept is a relative
term, describing how market participants use technology to gain
information, and act upon it, in advance of the rest of the market. In essence,
high frequency traders are front running your order. If the price of a
currency pair is off by even half of a pip, the high frequency trader will
attempt to capture this inefficiency.

High frequency traders initially appeared onto the equity market scene.
New regulation allowed electronic exchanges to compete with one another,
which left the door open for high frequency traders to step in and search
for discrepancies in prices. High frequency traders rely on extremely low
latencies and use high speed connections in conjunction with trading
algorithms to exploit inefficiencies created by these exchanges.

Many HFT strategies revolve around searching for and sniffing out
institutional order flows, by going through the multitude of electronic
exchanges available to trade securities. These algorithms would detect a
trade and attempt to transact the same trade before the order was filled at
another electronic exchange. These algorithms are front running many
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securities orders and are predicated on the idea that speed was of the
essence.

1.1.3 Basics of High-Frequency Trading

HFT is complex algorithmic trading in which large numbers of orders
are executed within seconds. It adds liquidity to the markets and eliminates
small bid-ask spreads.

HFT became commonplace in the markets following the introduction
of incentives offered by exchanges for institutions to add liquidity to the
markets. By offering small incentives to these market makers, exchanges
gain added liquidity, and the institutions that provide the liquidity also see
increased profits on every trade they make, on top of their favorable
spreads. Although the spreads and incentives amount to a fraction of a cent
per transaction, multiplying that by a large number of trades per day
amounts to sizable profits for high-frequency traders®.

HFT became popular when exchanges started to offer incentives for
companies to add liquidity to the market. For instance, the New York Stock
Exchange (NYSE) has a group of liquidity providers called Supplemental
Liquidity Providers (SLPs) that attempts to add competition and liquidity
for existing quotes on the exchange. As an incentive to companies, the
NYSE pays a fee or rebate for providing said liquidity. In July 2016, the
average SLP rebate was $0.0019 for NYSE- and NYSE MKT-listed
securities on NYSE. With millions of transactions per day, this results in a
large amount of profits. The SLP was introduced following the collapse of
Lehman Brothers in 2008, when liquidity was a major concern for
investors®,

1.1.4 What's the importance of speed in trading?

Speed has become so important to the success of a high frequency
operation, that these businesses invest enormous sums of money into

10

DOI:10.6814/NCCU201901120



building their low latency infrastructure. High frequency traders target low
latency machinery in an effort to find the fastest computers available. For
a high frequency trader, finding the path of least resistance in
communication is the key to successful arbitrage. Additionally, the
proximity of a high frequency trader’s black box to an exchange will
reduce or increase the speed at which a transaction is recognized. So, a
proximity war, among high frequency firms, has emerged and created
competition for real-estate around a physical exchange location, especially
in the equity space’.

1.1.5 High Frequency Trading Strategies

High-frequency trading is quantitative trading that 1s characterized by
short portfolio holding periods. All portfolio-allocation decisions are made
by computerized quantitative models. The success of high-frequency
trading strategies is largely driven by their ability to simultaneously
process large volumes of information, something ordinary human traders
cannot do. Specific algorithms are closely guarded by their owners. Many
practical algorithms are in fact quite simple arbitrages which could
previously have been performed at lower frequency-competition tends to
occur through who can execute them the fastest rather than who can create
new breakthrough algorithms®,

There are many strategies employed by high frequency traders to make
money; some are quite common, some are more controversial. For instance,
some HF traders trade from both sides i.e. they place orders to buy as well
as sell using limit orders that are above the current market place (in the
case of selling) and slightly below the current market price (in the case of
buying). The difference between the two is the profit they pocket. Thus
these traders indulge in “market making” only to make profits from the
difference between the bid-ask spread. These transactions are carried out
by high-speed computers using algorithms. Another way traders make
money is by looking for price discrepancies between securities on different
exchanges or asset classes. This strategy is called statistical arbitrage,
wherein a proprietary trader is on the lookout for temporary inconsistencies
in prices across different exchanges. With the help of ultra fast transactions,
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they capitalize on these minor fluctuations which many don’t even get to
notice.

The common types of high-frequency trading include several types of
market-making, event arbitrage, statistical arbitrage, and latency arbitrage.
Most high-frequency trading strategies are not fraudulent, but instead
exploit minute deviations from market equilibrium.

1.1.5.1 Market making

According to SEC?, a "market maker" is a firm that stands ready to buy
and sell a particular stock on a regular and continuous basis at a publicly
quoted price. You'll most often hear about market makers in the context of
the Nasdaq or other "over the counter" (OTC) markets. Market makers that
stand ready to buy and sell stocks listed on an exchange, such as the New
York Stock Exchange, are called "third market makers." Many OTC stocks
have more than one market-maker. Market-makers generally must be ready
to buy and sell at least 100 shares of a stock they make a market in. As a
result, a large order from an investor may have to be filled by a number of
market-makers at potentially different prices.

There can be a significant overlap between a "market maker" and
"HFT firm". HFT firms characterize their business as "Market making" -
a set of high-frequency trading strategies that involve placing a limit order
to sell (or offer) or a buy limit order (or bid) in order to earn the bid-ask
spread. By doing so, market makers provide counterpart to incoming
market orders. Although the role of market maker was traditionally
fulfilled by specialist firms, this class of strategy is now implemented by a
large range of investors, thanks to wide adoption of direct market access.
As pointed out by empirical studies®®, this renewed competition among
liquidity providers causes reduced effective market spreads, and therefore
reduced indirect costs for final investors." A crucial distinction is that true
market makers don't exit the market at their discretion and are committed
not to, where HFT firms are under no similar commitment.

Some high-frequency trading firms use market making as their
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primary strategy. Automated Trading Desk (ATD), which was bought by
Citigroup in July 2007, has been an active market maker, accounting for
about 6% of total volume on both the NASDAQ and the New York Stock
Exchange. In May 2016, Citadel LLC bought assets of ATD from Citigroup.
Building up market making strategies typically involves precise modeling
of the target market microstructure! together with stochastic control
techniques??.

These strategies appear intimately related to the entry of new
electronic venues. Academic study'® of Chi-X's entry into the European
equity market reveals that its launch coincided with a large HFT that made
markets using both the incumbent market, NYSE-Euronext, and the new
market, Chi-X. The study shows that the new market provided ideal
conditions for HFT market-making, low fees (i.e., rebates for quotes that
led to execution) and a fast system, yet the HFT was equally active in the
incumbent market to offload nonzero positions. New market entry and HFT
arrival are further shown to coincide with a significant improvement in
liquidity supply*“.

1.1.5.2 Fraud

The Michael Lewis book Flash Boys: A Wall Street Revolt discusses
high-frequency trading, including the tactics of spoofing, layering and
quote stuffing, which are all now illegal'®. The book details the rise of high-
frequency trading in the US market!®.

1.1.5.3 Ticker tape trading

Much information happens to be unwittingly embedded in market data,
such as quotes and volumes. By observing a flow of quotes, computers are
capable of extracting information that has not yet crossed the news screens.
Since all quote and volume information is public, such strategies are fully
compliant with all the applicable laws.
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Filter trading is one of the more primitive high-frequency trading
strategies that involves monitoring large amounts of stocks for significant
or unusual price changes or volume activity. This includes trading on
announcements, news, or other event criteria. Software would then

generate a buy or sell order depending on the nature of the event being
looked for'’.

Tick trading often aims to recognize the beginnings of large orders
being placed in the market. For example, a large order from a pension fund
to buy will take place over several hours or even days, and will cause a rise
in price due to increased demand. An arbitrageur can try to spot this
happening then buy up the security, then profit from selling back to the
pension fund. This strategy has become more difficult since the
introduction of dedicated trade execution companies in the 2000s which
provide optimal trading for pension and other funds, specifically designed
to remove the arbitrage opportunity.

1.1.5.4 Event arbitrage

Certain recurring events generate predictable short-term responses in
a selected set of securities'®. High-frequency traders take advantage of such
predictability to generate short-term profits?®,

1.1.5.5 Statistical arbitrage

Another set of high-frequency trading strategies are strategies that
exploit predictable temporary deviations from stable statistical
relationships among securities. Statistical arbitrage at high frequencies is
actively used in all liquid securities, including equities, bonds, futures,
foreign exchange, etc. Such strategies may also involve classical arbitrage
strategies, such as covered interest rate parity in the foreign exchange
market, which gives a relationship between the prices of a domestic bond,
a bond denominated in a foreign currency, the spot price of the currency,
and the price of a forward contract on the currency. High-frequency trading
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allows similar arbitrages using models of greater complexity involving
many more than four securities.

The TABB Group estimates that annual aggregate profits of high-
frequency arbitrage strategies exceeded US$21 billion in 2009, although
the Purdue study estimates the profits for all high frequency trading were
USS$5 billion in 20092,

1.1.5.6 Index arbitrage

Index arbitrage exploits index tracker funds which are bound to buy
and sell large volumes of securities in proportion to their changing weights
in indices. If a HFT firm is able to access and process information which
predicts these changes before the tracker funds do so, they can buy up
securities in advance of the trackers and sell them on to them at a profit.

1.1.5.7 News-based trading

Company news in electronic text format is available from many
sources including commercial providers like Bloomberg, public news
websites, and Twitter feeds. Automated systems can identify company
names, keywords and sometimes semantics to make news-based trades
before human traders can process the news.

1.1.5.8 Low-latency strategies

A separate, "naive" class of high-frequency trading strategies relies
exclusively on ultra-low latency direct market access technology. In these
strategies, computer scientists rely on speed to gain minuscule advantages
in arbitraging price discrepancies in some particular security trading
simultaneously on disparate markets.
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Another aspect of low latency strategy has been the switch from fiber
optic to microwave technology for long distance networking. Especially
since 2011, there has been a trend to use microwaves to transmit data across
key connections such as the one between New York City and Chicago. This
is because microwaves travelling in air suffer a less than 1% speed
reduction compared to light travelling in a vacuum, whereas with
conventional fiber optics light travels over 30% slower®,

1.1.5.9 Order properties strategies

High-frequency trading strategies may use properties derived from
market data feeds to identify orders that are posted at sub-optimal prices.
Such orders may offer a profit to their counterparties that high-frequency
traders can try to obtain. Examples of these features include the age of an
order?® or the sizes of displayed orders?®. Tracking important order
properties may also allow trading strategies to have a more accurate
prediction of the future price of a security.

1.1.6 What algorithms are used in HFT?

There are many algorithms that are common in High Frequency
Trading, let’s pick up and describe three of them;

1) Pair Trading - Trade two currencies which naturally track each other
an example could be Euro and US Dollar, make money when they fall out
of line on the idea that they will have to revert back to tracking each other.

2) Volume-Weighted Average Price - VWARP is used to execute large
orders at a better average price. It is the ratio of the value traded to the total
volume traded over a time period

3) Time-Weighted Average Price - TWAP like VWAP is another
sophisticated strategy for buying or selling large blocks of currencies
without affecting the price.
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1.1.7 Benefits and critiques of HFT

There are many advantages associated with HFT. For example, all
trades are executed at the best possible prices. Instant and accurate trade
order placement is another key advantage of HFT that consequently
increases chances of execution at desired levels. Reduced transaction cost
1s another main pro of HFT. Similarly, simultaneous automated checks can
be implemented on multiple market conditions. HFT also reduces risk of
manual errors in placing the trades. Last but not the least; HFT reduces
possibility of mistakes by human traders based on emotional and
psychological behavior.

HFT is a great way to make quick profits. It is highly risky but very
effective trading strategy. HFT is executed via robots so there is no risk that
you can lose your money due to emotional trading. Robots place all trades
on the basis of predefined trading strategies; there is no way they can
deviate from predefined trading plan which is a key to success in forex
trading.

The major benefit of HFT is that it has improved market liquidity and
removed bid-ask spreads that previously would have been too small. This
was tested by adding fees on HFT, and as a result, bid-ask spreads increased.
One study assessed how Canadian bid-ask spreads changed when the
government introduced fees on HFT, and it was found that bid-ask spreads
increased by 9%.

HFT is controversial and has been met with some harsh criticism. It
has replaced a number of broker-dealers and uses mathematical models and
algorithms to make decisions, taking human decision and interaction out
of the equation. Decisions happen in milliseconds, and this could result in
big market moves without reason. As an example, on May 6, 2010, the
Dow Jones Industrial Average (DJIA) suffered its largest intraday point
drop ever, declining 1,000 points and dropping 10% in just 20 minutes
before rising again. A government investigation blamed a massive order
that triggered a sell-off for the crash.
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Many see high-frequency trading as unethical and an unfair advantage
for large firms against smaller institutions and investors. Stock markets are
supposed to be fair and a level playing field, which HFT arguably disrupts
since the technology can be used for abusive ultra-short-term strategies.
High-frequency traders prey on any imbalance between supply and
demand, using arbitrage and speed to their advantage. Their traders are not
based on fundamental research about the company or its growth prospects,
but on opportunities to strike. Though HFT doesn’t target anyone in
particular, it can cause collateral damage to retail investors, as well as
institutional investors like mutual funds that buy and sell in bulk®.

Another major complaint about HFT is the liquidity provided by HFT
1s "ghost liquidity," meaning it provides liquidity that is available to the
market one second and gone the next, preventing traders from actually
being able to trade this liquidity.

Generally speaking, there are three primary criticisms of HFT. The first
one is that it allows institutional players to gain an upper hand in trading
because they are able to trade in large blocks through the use of algorithms.
An additional critique of HFT is that it allows large companies to profit at
the expense of the "little guys," or the institutional and retail investors. The
third criticism against HFT is that the liquidity produced by this type of
trading is momentary. It disappears within seconds, making it impossible
for traders to take advantage of it.

1.2 History of high-frequency trading

High-frequency trading has taken place at least since the 1930s, mostly
in the form of specialists and pit traders buying and selling positions at the
physical location of the exchange, with high-speed telegraph service to
other exchanges?®.

The rapid-fire computer-based HFT developed gradually since 1983
after NASDAQ introduced a purely electronic form of trading?’.
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Although the first research in my database about HFT is at 1993, the
exact history of HFT can be traced back at least since 1998. The U.S.
Securities and Exchange Commission (SEC) adopted Regulation ATS
(Alternative Trading Systems), including electronic exchanges.

After that, SEC’s Regulation NMS (National Market System), which
was adopted in 2005, further provided strong incentives for trading venues
to automate, especially the NYSE, which was the last major floor-based
exchange in the U.S.

At the turn of the 21st century, HFT trades had an execution time of
several seconds, whereas by 2010 this had decreased to milli- and even
microseconds?®,

Until 2010, SEC issued a Concept release?® seeking public comments
on issues such as HFT. SEC admitted, “The term (HFT) is relatively new
and 1s not yet clearly defined.”

HFT was not a well-known topic outside the financial sector, until an
article®® published by the New York Times in July 2009 which was one of
the first to bring the subject to the public's attention. HFT has radically
changed the stock markets.

On September 2, 2013, Italy became the world's first country to
introduce a tax specifically targeted at HFT, charging a levy of 0.02% on
equity transactions lasting less than 0.5 seconds®!.

Some view the Flash Crash of May 6, 2010 as evidence of the potential
harmful effects of HFT. Michael Lewis’s book in 2014, FLASH BOYS,
even raised the controversy concerning about HFT by pointing out that
electronic trading has rigged the market against ordinary investors,
particularly in America, but Lewis paid little attention to the market
benefits of HFT.

Many academics raised the controversy concerning about HFT®2, Even
SEC Division of Trading and Markets Director Brett Redfearn admitted,
“There are a lot of different definitions of HFT.” The development of HFT
has ignited a heated debate among participants, researchers and regulators
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about the benefits and concerns related to HFT.

1.2.1 Market growth

In the early 2000s, high-frequency trading still accounted for fewer
than 10% of equity orders, but this proportion was soon to begin rapid
growth. According to data from the NYSE, trading volume grew by about
164% between 2005 and 2009 for which high-frequency trading might be
accounted. As of the first quarter in 2009, total assets under management
for hedge funds with high-frequency trading strategies were $141 billion,
down about 21% from their peak before the worst of the crises, although
most of the largest HFT's are actually LLC's owned by a small number of
investors.

The high-frequency strategy was first made popular by Renaissance
Technologies who use both HFT and quantitative aspects in their trading.
Many high-frequency firms are market makers and provide liquidity to the
market which lowers volatility and helps narrow bid-offer spreads, making
trading and investing cheaper for other market participants®3.

1.2.2 Market share

In the United States in 2009, high-frequency trading firms represented
2% of the approximately 20,000 firms operating today, but accounted for
73% of all equity orders volume. The major U.S. high-frequency trading
firms include Virtu Financial, Tower Research Capital, IMC, Tradebot and
Citadel LLC. The Bank of England estimates similar percentages for the
2010 US market share, also suggesting that in Europe HFT accounts for
about 40% of equity orders volume and for Asia about 5-10%, with
potential for rapid growth. By value, HFT was estimated in 2010 by
consultancy Tabb Group to make up 56% of equity trades in the US and
38% in Europe.

As HFT strategies become more widely used, it can be more difficult
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to deploy them profitably. According to an estimate from Frederi Viens of
Purdue University, profits from HFT in the U.S. has been declining from
an estimated peak of $5bn in 2009, to about $1.25bn in 2012.

Though the percentage of volume attributed to HFT has fallen in the
equity markets, it has remained prevalent in the futures markets. According
to a study in 2010 by Aite Group, about a quarter of major global futures
volume came from professional high-frequency traders. In 2012, according
to a study by the TABB Group, HFT accounted for more than 60 percent
of all futures market volume in 2012 on U.S. exchanges.

In 2017, Aldridge and Krawciw3* estimated that in 2016 HFT on
average initiated 10-40% of trading volume in equities, and 10-15% of
volume in foreign exchange and commodities. Intraday, however,
proportion of HFT may vary from 0% to 100% of short-term trading
volume. Previous estimates reporting that HFT accounted for 60-73% of
all US equity trading volume, with that number falling to approximately
50% in 2012 were highly inaccurate speculative guesses. High-frequency
traders move in and out of short-term positions at high volumes and high
speeds aiming to capture sometimes a fraction of a cent in profit on every
trade. HFT firms do not consume significant amounts of capital,
accumulate positions or hold their portfolios overnight. As a result, HFT
has a potential Sharpe ratio (a measure of reward to risk) tens of times
higher than traditional buy-and-hold strategies. High-frequency traders
typically compete against other HFTs, rather than long-term investors®,
HFT firms make up the low margins with incredibly high volumes of trades,
frequently numbering in the millions.

A substantial body of research argues that HFT and electronic trading
pose new types of challenges to the financial system®. Algorithmic and
high-frequency traders were both found to have contributed to volatility in
the Flash Crash of May 6, 2010, when high-frequency liquidity providers
rapidly withdrew from the market® . Several European countries have
proposed curtailing or banning HFT due to concerns about volatility®,
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1.3 Definition of high-frequency trading

1.3.1 Metrics for Defining HFT from SEC

The Concept Release from Securities and Exchange Commission
(SEC) on Equity Market Structure recognized that HFT is one of the most
significant market structure developments in recent years®. It noted, for
example, that estimates of HFT typically exceeded 50% of total volume in
U.S.-listed equities and concluded that, “[b]y any measure, HFT is a
dominant component of the current market structure and likely to affect
nearly all aspects of its performance.”

The Concept Release also noted that the term “HFT” was not clearly
defined. To deal with this problem, the Concept Release first generally
defined “proprietary firm” as “professional traders acting in a proprietary
capacity that generate a large number of trades on a daily basis.” These
traders could be organized in a variety of ways, including as a proprietary
trading firm (which may or may not be a registered broker-dealer and a
member of FINRA), as the proprietary trading desk of a multi-service
broker-dealer, or as a hedge fund.

Next, the Concept Release identified five other characteristics that
often are attributed to HFT:

1) Use of extraordinarily high speed and sophisticated programs for
generating, routing, and executing orders.

2) Use of co-location services and individual data feeds offered by
exchanges and others to minimize network and other latencies.

3) Very short time-frames for establishing and liquidating positions.

4) Submission of numerous orders that are cancelled shortly after
submission.
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5) Ending the trading day in as close to a flat position as possible (that
is, not carrying significant, unhedged positions overnight).

1.3.2 HFT definition from NASDAQ.com

Refers to computerized trading using proprietary algorithms. There are
two types high frequency trading. Execution trading is when an order
(often a large order) is executed via a computerized algorithm. The
program is designed to get the best possible price. It may split the order
into smaller pieces and execute at different times. The second type of high
frequency trading is not executing a set order but looking for small trading
opportunities in the market. It is estimated that 50 percent of stock trading
volume in the U.S. is currently being driven by computer-backed high
frequency trading. Also known as algo or algortihmic trading™.

1.3.3 HFT definition from Wikipedia

In financial markets, high-frequency trading (HFT) is a type of
algorithmic trading characterized by high speeds, high turnover rates, and
high order-to-trade ratios that leverages high-frequency financial data and
electronic trading tools. While there is no single definition of HFT, among
its key attributes are highly sophisticated algorithms, co-location, and very
short-term investment horizons. HFT can be viewed as a primary form of
algorithmic trading in finance. Specifically, it is the use of sophisticated
technological tools and computer algorithms to rapidly trade securities.
HFT uses proprietary trading strategies carried out by computers to move
in and out of positions in seconds or fractions of a second*.

1.3.4 HFT definition from Investopedia

High-frequency trading (HFT) is an automated trading platform used
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by large investment banks, hedge funds and institutional investors that
utilizes powerful computers to transact a large number of orders at
extremely high speeds. These high-frequency trading platforms allow
traders to execute millions of orders and scan multiple markets and
exchanges in a matter of seconds, thus giving the institutions that use the
platforms a huge advantage in the open market.

The systems use complex algorithms to analyze the markets and are
able to spot emerging trends in a fraction of a second. By being able to
recognize shifts in the marketplace, the trading systems send hundreds of
baskets of stocks out into the marketplace at bid-ask spreads that are
advantageous to the traders. By essentially anticipating and beating the
trends to the marketplace, institutions that implement high-frequency
trading can gain favorable returns on trades they make by essence of their
bid-ask spread, resulting in significant profits*?.

1.3.5 Conclusion

Since the Securities and Exchange Commission (SEC) has no formal
definition of HFT, it only attributes HFT with certain features listed above.
This represents that the researches in this area are still highly diverse
regarding issues for this new research agenda.

1.4 Current qualitative research in HFT

Since history of HFT is not so long, the researches in this area are
highly diverse regarding issues for this new research agenda. According to
a Review article by editor Goldstein (2014)*®, unlike established topics in
finance, such as dividend policy, capital structure, or asset pricing, HFT is
a new, emerging, and rapidly evolving area for the markets, regulators, and
the public.

In more recent years, many attempts have been made to research HFT
by a number of scholars. Goldstein, Kumar and Graves (2014)* reviewed
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the works in this area from the empirical and theoretical papers and
assigned them into following six categories on the basis of different topics:

1) market performance (Budish, Cramton, & Shim, 2015; Menkveld,
2014; Schwartz & Wu, 2013; Jarnecic & Snape, 2014; Brogaard,
Hendershott, & Riordan, 2014; Hendershott & Riordan, 2013; Popper,
2012c; Baron, Brogaard, & Kirilenko, 2012; Jones, 2013a; Hasbrouck &
Saar, 2013; Credit Suisse, 2012),

2) strategies and practices (Aldridge, 2013; Kirilenko & Lo, 2013;
Laughlin, Aguirre, & Grundfest, 2014),

3) evolution (Rubenstein, 2015; Goldstein, Kumar, & Graves, 2014;
Kirilenko & Lo, 2013; Popper, 2012c),

4) speed (Angel, 2014; Laughlin, Aguirre, & Grundfest, 2014;
Wissner-Gross & Freer, 2010; Brogaard, Hendershott, Hunt & Ysusi, 2014;
Hasbrouck & Saar, 2013),

5) fairness (SEC, 2010; Narang, 2010; Patterson, Strasburg, & Pleven,
2013),

6) regulatory implications (Piwowar, 2013; SEC/CFTC, 2010;
Westbrook, 2010).

1.5 Research categories and findings in HFT

Table 1 summarizes findings from Goldstein, Kumar and Graves
(2014) by topics about each category which include the current state,
topics of debate, and empirical and theoretical researches in HFT.

Table 1 : Research categories and findings in HFT
Category Authors Findings by topic
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* Market *Budish et al. < Adverse selection

performance (2015)® and - HFT’s “socially wasteful arms

Menkveld race” could disadvantage other
(2014)* and ordinary investors and then reduce
Schwartz & market quality, as measured by
Wu (2013)* liquidity and price informativeness.

e Jarnecic &  *Liquidity
Snape - If HFT activity can improve the
(2014)% liquidity of markets?

Brogaard et al. * Market structure

(2014)* and — Market structure changes due to

Hendershott & the incremental effect of

Riordan algorithmic trading and HFT.

(2013)%°

* Popper * Transaction costs
(2012c)*! — As the recent volume of HFT has

decreased, the benefits of HFT in
reducing trading costs for ordinary
investors have stalled.

*Baronetal. - Profitability (of HFT vs. non-HFT)
(2012) - HFT profits are earned at the
expense of other traders.
- HFT markets are effectively a
“zero sum game”.

* Jones * Volatility
(2013a)* — After surveying 30 theoretical and
empirical papers on the topic of
HFT, Jones (2013a) concludes that
HFTs are making markets better.
*Hasbrouck & - The impact of HFT on market
Saar (2013)>* quality and volatility.

*Credit Suisse - By the findings that long-term
(2012)> volatility in recent years remained
within historical norms, while
short-term volatility declined,
Credit Suisse concludes that
markets are “not worse” for the
presence of HFT.

* Market efficiency
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* Strategies  * Aldridge * Algorithmic strategies
and practices (2013)> - Statistical Arbitrage Strategies
- Directional Trading Around Events
- Automated Market Making
- Modeling Information in Order
Flow
- Latency Arbitrage
- Spread Scalping
- Rebate Capture
- Quote Matching
- Layering

* Aldridge * Market Manipulation
(2013) - Pinging/Sniping/Sniffing/Phishing
- Quote Stuffing
- Spoofing
— Pump-and-Dump
- Ignition

*Kirilenko & +Manipulative trading activities
Lo (2013)*’ - ‘Order anticipation’ trading
strategy (e.g. a “pinging” tactic to
discover the price other traders are
willing to pay or to discover
undisplayed liquidity.)

 Laughlin et al. « Low-latency strategies
(2014)%8 - Many HFT firms are concerned
about transmission speed across
geographic distances and utilize
strategies that capitalize on their
geographic location.

* Co-location
— The ability to access direct data
feeds from exchanges which
includes sophisticated order
execution algorithms services.

*Evolution *Rubenstein  *Trading volume
(2015) - HFT now accounts for almost 50%
of daily stock trades.

*Goldstein et  *Trading activity

al. (2014)®° - HFT accounted for between 40%
and Kirilenko and 60% of trading activity across
& Lo all U.S. financial markets for
(2013)%2 stocks, options and currencies.
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* Popper * Volumes and profits downtrend in US
(2012c)%? - HFT volume down from 61% in
2009 to 51% in 2012.
- HFT profits were estimated at most
$1.25B in 2012, down 35% from
2011 and 74% lower than the peak

of about $4.9B in 2009.
* Speed * Angel * Data transmission
(2014)% — Physical limitations on current

trading due to Einstein’s theories
and related quantum physics to
finance.

* Laughlin et al. » Data transmission

(2014)% and - Techniques to minimize
Wissner-Gross transmission delays and execution
& Freer latencies and affected price
(2010)%® discovery when HFT firms trade

securities in different locations
around the world.

*Brogaard et  *Technology upgrades

al. (2014)% — Exchanges upgrading for lower
and latencies

Hasbrouck &

Saar (2013)%"

* Fairness *SEC (2010)°® «Market structure

- The SEC (2010) concept release
directly questions the fairness of
the current market structure, HFT,
and the use of a variety of HFT
tools and strategies.

* Unfair access concerns

- The SEC (2010) concept release
directly questions if co-location
provides HFTs an unfair advantage
because of greater resources and
sophistication to take advantage of
co-location services than other
market participants, including
long-term investors?

* Naran * Rebate structure
(2010)*° — If the current rebate structure based
on volume unfairly benefits HFT
firms over non-HFT firms?
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* Patterson et
al. (201 3)7O

* Insider advantages
- HFTs are using a hidden facet of
the Chicago Mercantile Exchange's
computer system to trade on the
direction of the futures market
before other investors get the same
information.

* Regulatory
implications

* Piwowar
(2013)™

« SEC/CFTC
(2010)

* Westbrook
(2010)7

* The role of speed
- SEC Commissioner called for a
comprehensive review of U.S. markets
which should examine the role of
speed in the markets.

* Market-makers & liquidity providers
- Whether HFT market-makers should
be subject to regulations that would
require them to stay active in volatile
markets, rather than deserting the
markets en masse and damaging
liquidity.

* Concerns
- Lawmakers questioned whether the
HFT practice is benefiting Wall Street
at the expense of individual investors.

1.6 Problems being investigated

There are plenty of findings by topics shown in Table 1 which include
the topics of debate, controversial issues, and the current arguments against
HFT. However, one drawback of this work by Goldstein, Kumar and
Graves (2014)™ is that those findings about HFT are largely qualitative in
nature. Although there have been some review articles concerning HF T, for
most of these works, it is not clear if merely depending on review articles
would be capable of revealing the developing trends or future orientation
of a new research field. Therefore, my general purpose in this research is
to provide a quantitative analysis of global empirical and theoretical HF T

papers.
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HFT is an emerging, ever changing and rapidly evolving area with
highly interdisciplinary in nature for the markets, regulators, and the
public’®. This diversity may root from the emerging nature of computing
technology and its wide appeal as well as unique researcher and
practitioner viewpoints. Those findings by topics shown in Table 1
represent the diverse issues and findings in the field of HFT which include
the introduction of keywords and ideas and even new concepts about HFT.
However, what are the areas of focus in HFT? What about their association
with each other? What are the developing trends in current research?

1.7 General approach

Keywords have been generally identified as the words that reflect the
research themes of individual publications that concern researchers.
Further, keywords network represents relationships of keywords among
HFT papers. When two keywords occur in a same article, it is an indication
of connection between the themes which they represent. Therefore, a
comprehensive network perspective analysis is required to reveal the
developing trends or future orientation of possible new research field from
HFT.

Social network analysis (SNA), sometimes also referred to as
“structural analysis”’®, is a broad strategy for investigating social structures.
For measurement, social network analysis (SNA) measures are a vital tool
for understanding the behavior of networks and graphs. These algorithms
use graph theory to calculate the importance of any given node in a
network *. When they’re well implemented, SNA measures allow the
analyst to cut through noisy data and hone into the parts of a network that
require further attention.

1.8 Purpose of the Research

In this research, my focus is to construct and analyze keywords
network by using the Social network analysis (SNA) techniques which
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have already been widely applied in many disciplines of science.
Specifically, this study will quantitatively analyze existing empirical and
theoretical HFT papers to address the following objectives:

1) To construct keywords network from HFT papers published in
world leading journals during the period from 1993 to 2017.

2) To investigate the characteristics of keywords network of HFT
papers by utilizing social network analysis (SNA) techniques.

3) To find and compare the changes in keywords network of HFT
papers over time.

4) To compare the structural analysis of keywords network with those
qualitative findings by Goldstein, Kumar and Graves (2014)"" to reveal
the developing trends or future orientation of possible new research field
about HFT.

Despite the high growth rate of publications, there have been few
attempts to gather systematic data on the global scientific production of
research on HFT. These investigations can help researchers to realize the
breadth of HFT research and to establish future research directions and to
provide an entry point to any academic, regardless of their prior knowledge
of the theme. These investigations can also help to get different point of
view that emerge from a comprehensive review of existing HFT papers by
future researchers before choosing their interested field.

The remainder of this research is organized as follows. Chapter two
presents the literature reviews which include social network analysis (SNA)
and Bibliometrics as the background knowledge. Chapter three shows the
research methods. Chapter four performs the experiment and results in
order to report findings and present them in a systematic manner. Chapter
five provides discussions and implications. Chapter six offers some
concluding remarks.
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2. Literature review

2.1 Social network analysis (SNA)

Social network analysis (SNA) is the process of investigating social
structures through the use of networks and graph theory’®. It characterizes
networked structures in terms of nodes (individual actors, people, or things
within the network) and the ties, edges, or links (relationships or
interactions) that connect them. These networks are often visualized
through sociograms in which nodes are represented as points and ties are
represented as lines. Examples of social structures commonly visualized
through social network analysis include social media networks, memes
spread, information circulation, friendship and acquaintance networks,
business networks, social networks, collaboration graphs, kinship, disease
transmission, and sexual relationships.

SNA has emerged as a key technique in modern sociology. It has also
gained a significant following in anthropology, biology, demography,
communication studies, economics, geography, history, information
science, organizational studies, political science, social psychology,
development studies, sociolinguistics, and computer science and is now
commonly available as a consumer tool”. SNA has found applications in
various academic disciplines, as well as practical applications such as
countering money laundering and terrorism.

2.2 Some SNA measures

SNA measures are a vital tool for understanding the behavior of
networks and graphs. These algorithms use graph theory to calculate the
importance of any given node in a network. When they’re well
implemented, SNA measures allow the analyst to cut through noisy data
and hone into the parts of a network that require further attention. SNA
measures at least include measuring degree centrality, betweenness
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centrality, closeness centrality, EigenCentrality or PageRank for each
network quantitatively®.

2.2.1 SNA measure 1 : Degree Centrality

The degree centrality measure finds nodes with the highest number of
links to other nodes in the network. Nodes with a high degree centrality
have the best connections to those around them — they might be influential,
or just strategically well-placed.

(1) Definition: Degree centrality assigns an importance score based
purely on the number of links held by each node.

(2) What it tells us: How many direct, ‘one hop’ connections each node
has to other nodes within the network.

(3) When to use it: For finding very connected individuals, popular
individuals, individuals who are likely to hold most information or
individuals who can quickly connect with the wider network.

(4) A bit more detail: Degree centrality is the simplest measure of node
connectivity. Sometimes it’s useful to look at in-degree (number of
inbound links) and out-degree (number of outbound links) as distinct
measures, for example when looking at transactional data or account
activity.

2.2.2 SNA measure 2 : Betweenness centrality

Nodes with a high betweenness centrality score are the ones that most
frequently act as ‘bridges’ between other nodes. They form the shortest
pathways of communication within the network.

Usually this would indicate important gatekeepers of information
between groups.
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(1) Definition: Betweenness centrality measures the number of times
a node lies on the shortest path between other nodes.

(2) What it tells us: This measure shows which nodes act as ‘bridges’
between nodes in a network. It does this by identifying all the shortest paths
and then counting how many times each node falls on one.

(3) When to use it: For finding the individuals who influence the flow
around a system.

(4) A bit more detail: Betweenness 1s useful for analyzing
communication dynamics, but should be used with care. A high
betweenness count could indicate someone holds authority over, or
controls collaboration between, disparate clusters in a network; or indicate
they are on the periphery of both clusters.

2.2.3 SNA measure 3 : Closeness centrality

This 1s the measure that helps you find the nodes that are closest to the
other nodes in a network, based on their ability to reach them.

To calculate this, the algorithm finds the shortest path between each
node, then assigns each node a score based on the sum of all the paths.

Nodes with a high closeness value have a lower distance to all other
nodes. They’d be efficient broadcasters of information.

(1) Definition: This measure scores each node based on their
‘closeness’ to all other nodes within the network.

(2) What it tells us: This measure calculates the shortest paths between
all nodes, then assigns each node a score based on its sum of shortest paths.

(3) When to use it: For finding the individuals who are best placed to
influence the entire network most quickly.
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(4) A bit more detail: Closeness centrality can help find good
‘broadcasters’, but in a highly connected network you will often find all
nodes have a similar score. What may be more useful is using Closeness to
find influencers within a single cluster.

2.2.4 SNA measure 4 : PageRank

PageRank identifies important nodes by assigning each a score based
upon its number of incoming links (its ‘indegree’). These links are
weighted depending on the relative score of its originating node.

(1) Definition: PageRank is a variant of EigenCentrality, also assigning
nodes a score based on their connections, and their connections’
connections. The difference is that PageRank also takes link direction and
weight into account — so links can only pass influence in one direction, and
pass different amounts of influence.

(2) What it tells us: This measure uncovers nodes whose influence
extends beyond their direct connections into the wider network.

(3) When to use it: Because it factors in directionality and connection
weight, PageRank can be helpful for understanding citations and authority.

(4) A bit more detail: PageRank 1s famously one of the ranking
algorithms behind the original Google search engine (the ‘Page’ part of its
name comes from creator and Google founder, Sergei Brin).

2.2.5 SNA measure 5 : EigenCentrality

Very similar to PageRank, Figenvector centrality is a measure of
influence that takes into account the number of links each node has and the
number of links their connections have, and so on throughout the network.
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(1) Definition: Like degree centrality, EigenCentrality measures a
node’s influence based on the number of links it has to other nodes within
the network. EigenCentrality then goes a step further by also taking into
account how well connected a node is, and how many links their
connections have, and so on through the network.

(2) What it tells us: By calculating the extended connections of a node,
EigenCentrality can identify nodes with influence over the whole network,
not just those directly connected to it.

(3) When to use it: EigenCentrality is a good ‘all-round’” SNA score,
handy for understanding human social networks, but also for understanding
networks like malware propagation.

(4) A bit more detail: One way to calculate each node’s EigenCentrality
by converging on an eigenvector using the power iteration method. Learn
more.

2.3 Some SNA software packages

Social network analysis software (SNA software) is software which
facilitates quantitative or qualitative analysis of social networks, by
describing features of a network either through numerical or visual
representation. Visual representations of social networks are important to
understand network data and convey the result of the analysis.
Visualization often also facilitates qualitative interpretation of network
data®. Followings are two example packages.

2.3.1 KeyLines from Cambridge Intelligence

KeyLines process graph visualization for JavaScript developers. Users
can build game-changing graph visualization products that turn connected
data into insight. Users can add graph visualization to their applications
that work anywhere, as part of any stack®?.
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2.3.2 UCINET 6 for Windows

UCINET 6 for Windows is a software package for the analysis of social
network data. It was developed by Lin Freeman, Martin Everett and Steve
Borgatti. It comes with the NetDraw network visualization tool.

2.4 Bibliometrics

Bibliometrics 1s a helpful and widely used quantitative tool for
evaluating the social and scientific importance of a specific discipline
during a given period of time. The term bibliometrics has been introduced
by Pritchard (1969)% who explained it as "the application of mathematical
and statistical methods to books and other media of communication"84.
Bibliometrics are measures of output and indicators of impact. For example,
the simplest bibliometric 1s a count of publications. It is assumed that
highly cited articles are important articles, and that reputable authors are
read and cited frequently.

Bibliometric studies constitute an effective complement to the
opinions and judgments of the experts in each field, providing useful and
objective instruments for assessing the results of scientific activity and
offering a more realistic view of this activity and its possible evolution and
trends®. More advanced bibliometrics help researchers to understand the
impact of their academic publications within the scope of the worldwide
research community?®®,

The three prime laws of bibliometrics are Bradford's Law of Scattering,
Lotka's Law and Zipf's Law. Each of these is introduced in this section.
There are three basic laws in the Bibliometrics which include Bradford’s
law, Lotka's law and Zipf's law.
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2.4.1 Bradford’s law

Bradford’s law of scattering has been used extensively in the
information science literature to describe the dispersion of articles in any
scientific field and to identify core journals of serial titles®”. Bradford found
a pattern of how literature in a subject is distributed in journals®. He
expressed his law of scattering in the following way®®:

If scientific journals are arranged in order of decreasing productivity of articles
on a given subject, they may be divided into a nucleus of periodicals more
particularly devoted to the subject and several groups or zones containing the
same number of articles as the nucleus, when the numbers of periodicals in the

nucleus and succeeding zones will be as 1:n:n2 . ..

2.4.2 Lotka's law

Lotka's law deals with the frequency distribution of scientific
productivity of authors in any given field.

2.4.3 Zipf's law

Zipf's law concerns word frequency in the text. That means, if a word
had been used more times, the length of the word will be shorter. Zipf's
Law essentially predicts the phenomenon that we use familiar words with
high frequency as we write®.

The frequency of any word is inversely proportional to its rank in the
frequency table. Thus the most frequent word will occur approximately
twice as often as the second most frequent word, three times as often as the
third most frequent word, etc.
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2.4.4 Comparison and Summary

Comparison of three basic laws of Bibliometrics is as following Table

2.
Table 2 : Comparison of three basic laws of Bibliometrics
Three basic laws Major Function
Bradford’s law to identify core journals
Lotka's law scientific productivity of authors
Zipf's law word frequency in the text

Since my purpose is to quantitatively analyze existing empirical and
theoretical HFT papers to reveal the developmental trends or future
orientation of a new research field like HFT, however, none of above fit the
need of this study.

2.4.5 Other Bibliometrics methods

Conventional bibliometric methods often evaluate research trends by
the publication outputs of countries (Braun et al., 1995)%, research
institutes (Xie et al., 2008)%, journals (Colman et al., 1995)%, and research
fields (Ugolini et al., 1997)%, as well as by citation analysis (Li and Ho,
2008)°,

More information, closer to this research itself, has been introduced
which include paper titles (Li et al., 2009b)%, author keywords (Ugolini et
al., 2001)%, KeyWords Plus (Qin, 2000)%, and abstracts (Zhang et al.,
2010).

2.4.5.1 Publication outputs of paper titles
The title of an article always includes the information that the author
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would most like to express to the readers, therefore analysis of the word
distribution in article titles in different periods was recently used to
evaluate research trends (Xie et al., 20081%; Zhang et al., 2010%%),

The words in titles and abstracts will be separated, and then
conjunctions and prepositions such as “and”, “of”, “in”, and “on” will be
discarded, as they are meaningless for further analysis.

2.4.5.2 Publication outputs of KeyWords Plus

KeyWord Plus is a kind of automatic indexing used in the citation
databases produced by ISI. KeyWords Plus supplies additional search
terms extracted from the titles of articles cited by authors in their
bibliographies and footnotes in the ISI database, and substantially augment
title-word and author-keyword indexing (Garfield, 1990)%.

2.4.5.3 Publication outputs by abstract analysis

Zhang et al. (2010) first used the analysis of single words in abstracts
to make specific inferences about the scientific literature and identify the
subjective focus and emphasis specified by authors.
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3. Research methods

3.1 Purpose of the research

The objective of the present work is to describe the scientific output
on the latest advances in HFT based on previous research. In this study, a
keywords network analysis based on social network analysis (SNA)
techniques will be used to describe the latest advances in HFT. Specifically,
this study will quantitatively analyze existing empirical and theoretical
HFT papers to address the following objectives:

1) To construct keywords network from HFT papers published in
world leading journals during the period from 1993 to 2017.

2) To investigate the characteristics of keywords network of HFT
papers by utilizing social network analysis (SNA) techniques.

3) To find and compare the changes in keywords network of HFT
papers over time.

4) To compare the structural analysis of keywords network with those
qualitative findings by Goldstein, Kumar and Graves (2014)'% to reveal
the developing trends or future orientation of possible new research field
about HFT.

Findings from these investigations can help researchers to realize the
breadth of HFT and to establish future research directions.

3.2 Materials and methods

The data will be based on the online version of Web of Science (WoS,
previously known as Web of Knowledge). It is an online subscription-
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based scientific citation indexing service maintained by Thomson Reuters
that provides a comprehensive citation search. It gives access to multiple
databases that reference cross-disciplinary research, which allows for in-
depth exploration of specialized sub-fields within an academic or scientific
discipline®®.

The multidisciplinary coverage of the Web of Science encompasses
over 50,000 scholarly books, 12,000 journals and 160,000 conference
proceedings (as of September 3, 2014)1%. The selection is made on the
basis of impact evaluations. It comprises open-access journals, spanning
multiple academic disciplines. The coverage includes: the sciences, social
sciences, arts, and humanities, and goes across disciplines. However, Web
of Science does not index all journals, and its coverage in some fields is
less complete than in others.

The objective of the present work is to identify the important keywords
from the scientific output on the latest advances in HFT, and to describe
the characteristics of the keywords network of HFT research. To achieve
these goals, we selected the Web of Science (WOS), which includes SCIE
and SSCI and A&HCI from the Institute of Scientific Information (ISI)
Web of Science databases. WOS is the most important and frequently used

source for a broad review of scientific accomplishment in all research
fields?%,

We constructed a database composed of keywords from HFT papers
published in the WOS during the 24-year period from 1993 to 2017. The
keywords were obtained from following two sources: (1) Author Keywords
and (2) Keywords Plus in the ISI database!®’. All articles referring to HFT
will be assessed according to: author keywords and Keywords Plus.

3.2.1 Author keywords

Keywords will be defined as comma-separated items of one or more
words. All keywords, both those reported by authors and those attributed
by ISI as well as the words in titles and abstracts, will be identified and
separated into 3 eight-year periods, and then they will be further calculated
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in order to thoroughly and precisely analyze the variations of trends.

The Author Keywords are provided by the original authors. Author
keywords analysis offers information about research trends that concern
researchers. Bibliometric methods concerning author keywords have only
been used in recent years (Chiu and Ho, 2007)1%, and their use in analyzing
research trends is rare (Xie et al., 2008; Li et al., 2009a!%; Zhang et al.,
2010).

3.2.2 Keywords Plus

Keywords Plus are extracted from the titles of the cited references by
Thomson Reuters. Keywords Plus, generated by an automatic computer
algorithm, are words or phrases that appear frequently in the titles of an
article’s references and not necessarily in the title of the article or as Author
Keywords (Garfield, 1990; Garfield & Sher, 1993).

3.2.3 Screening Methodology

The search will be conducted through Web of Science (WOS). There
will be some categories of words used to identify the relevant literature.
Following categories are some examples:

1) Words that are related to high frequency trading (HFT).

2) Words that are related to program trading.

3) Words that are related to algorithmic trading (Algo Trading).

3.3 Refinement of keywords and keywords databases

Due to different words may represent same or similar ideas and
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concepts, we standardize the keywords before constructing the keywords
network. The basic rule for the refinement of keywords was that all
keywords with identical meaning or similar ideas or concepts or even
misspelled keywords from different articles will be grouped and considered
as a single keyword. This refinement leads to a meaningful keywords
database. The example of SNA steps in literature-based research was
shown in Fig.1.

Data collection ]-—) | Selection of field / publication search |

v

[ Data extraction I 3 Refinement of keywords / keywords

databases

&

[ Data transformation p—> | Constructing keywords network |-

(-

[ ) Centrality measures of the SNA
k SNA measures ‘—> - o
Network mapping > | Network visualization H
Interpretation of data & network ]—

Fig. 1 example of SNA steps in literature-based research

3.4 Constructing keywords network

The construction of keywords network is based on three continuous
stages which include following steps:
1) data collection stage

2) data extraction stage
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3) data transformation stage

During the data extraction stage, core keywords are identified from
HFT papers and are changed to a standard form. Then in the data
transformation stage, all the refined keywords will be input to the most
popular social network research tool, Ucinet 6 for Windows!® to get
keywords network, or knowledge network, to study the relationship of each
research theme.

3.5 Centrality measures of the SNA network

Network centrality '? in the keywords network can measure the

degree of relations among keywords. Social network analysis (SNA)
measures include measuring degree centrality, betweenness centrality,
closeness centrality, EigenCentrality or PageRank for each network
quantitatively*!2. In order to understand the characteristics of the overall
keywords network in HFT research, we selectively used betweenness
centrality measuring to study the relationship of each research theme.
Betweenness centrality is the extent to which a node lies on the paths
between other nodes. It is measured as the fraction of the shortest paths
between all pairs of other nodes in the network containing the node. A
keyword that lies between two distinctive research themes can have high
betweenness centrality even though it may have a small number of
connections to other keywords in each theme!!3. In the keywords network,
this represents the importance of a keyword in bridging subsets of
keywords.

3.6 Network visualizations

Network visualizations is generally known as network mapping which
can be generated from raw network data within Netdraw, a mapping
program in Ucinet. NetDraw was applied to visualize network. It helps to
obtain a clear sense of connectivity of keyword networks and to illustrate
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the overall patterns of networks over time. This method enables the
researchers to explicitly understand representation of emerging themes.
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4. The experiment and results

4.1 Keywords network

Fig. 2 shows keywords network by co-occurrence (1993-2017). The
nodes are the keywords. The size of nodes can reflect the frequency of
keywords. Larger size of node means higher frequency of occurrence of
keyword. The lines between two nodes stand for the associations of two
keywords, or represent the co-occurrence of these keywords in a paper. The
thickness of line indicates the co-occurrence frequency of keyword pairs,
or represents the number of times each pair of keywords was mentioned
together in papers. The thickness of line is proportional to the closeness of
connections between two keywords. The thicker line between two
keywords, the closer their relationship is. The more co-occurrence between
two keywords, the closer their relationship is. It shows the strength of the
connection.

According to Fig.2, we can see that keywords such as “market”,

9% ¢

“prices”, “finance”, “liquidity”, “statistics”, “financial markets”, “stock”,
“stochastic”, “model” and “trades” became important keywords, which
means that they have played an important role in bridging other research

themes.
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Fig. 2 Keywords network by co-occurrence (1993-2017)

4.2 Betweenness centrality measuring for all period (1993-

2017)

Keywords serve as an indicator of the importance of the research
themes they represent. The top ten keywords from betweenness centrality
measuring for all period (1993-2017) are “market”, “prices”, “finance”,

“liquidity™, “statistics”, “financial markets”, “stock™, “stochastic”, “model”
and “trades” as shown in Table 3.

The results indicate that these research themes are major focuses and
the bridges connecting to other research themes in HFT. These findings
show that these research themes attract more attention and have a closer
relationship with other research themes in HFT. Notice that keywords like
“High Frequency Trading” and “Algorithm(s)” have very broad meanings.
Due to this kind of keywords are meaningless for this study, we excluded
them from the above analysis.

48

DOI:10.6814/NCCU201901120



Table 3 : Betweenness centrality measuring for all period (1993-2017)

Table 1:Betweenness centrality measuring for all period (1993-2017)

1993 - 2017 1993 - 2017
rank Keywords rank Keywords

1 High-frequency trading  20972.666 46 costs 479.408

2 Algorithms 14873.707 47 empirical-analysis 428.283

3 market 11343.833 48 quality 425.657

4 prices 9020.214 49 volume 425474

5 Finance 8998.353 50 variance 420.01

6 Liquidity 8372.251 51 sociology 403.265

7 Statistics 6550.62 52 power 381.97

8 Financial markets 6365.009 53 Technical analysis 378.11

9 stock 5479.472 54 Foreign exchange 343.948
10 Stochastic 5255.224 55 universal portfolios 339.003
11 model 5207.57 56 impact 305.744
12 trades 4817.368 57 Exchange rate 291.833
13 systems 4643.722 58 Prediction 284.327
14 dynamics 4483.216 59 options 283.819
15 time 3957.8 60 equilibrium 253.83
16 volatility 3471.744 61 competition 241.319
17 management 3040.512 62 Agent-based modelling ~ 209.288
18 information 2945.935 63 Innovation 207.791
19 Order flow 2761.069 64 neural-networks 194.051
20 strategies 2683.609 65 individual investors 186.9
21 performance 2651.219 66 covariance 172.821
22 Efficiency 2355.799 67 Content-based 161.023
23 behavior 1895.172 68 bid-ask spread 158.613
24 Market microstructure 1890.566 69 decision 150.691
25 optimization 1622.698 70 sharpe ratio 140.984
26 returns 1461.738 71 evolution 129.907
27 index 1404.703 72 profitability 124.693
28 limit order book 1389.61 73 selection 123.284
29 capital 1313.427 74 Manipulation 117.729
30 portfolio 1312.679 75 turbulence 115.056
31 arbitrage 1276.097 76 execution costs 98.269
32 Latency 1247.931 77 law 94.131
33 futures 1177.844 78 rules 85.183
34 securities 1130.502 79 Lead-lag relationship 82.599
35 technology 1065.972 80 exchange 76.936
36 risk 1020.679 81 Adverse selection 70177
37 investment 974.707 82 Approximation 68.299
38 economics 806.251 83 experience 63.362
39 news 750.328 84 ask 51.969
40 transactions 713.42 85 Asymmetry 40.406
41 Automation 681.092 86 Codings 40.025
42 diffusion 652.382 87 dealer 39.832
43 distributions 584.501 88 classification 39.252
44 crashes 532.398 89 speculative prices 38.483
45 Online learning 501.978 90 Intraday 38.163

49

DOI:10.6814/NCCU201901120



4.3 Changes in important keywords over time

How have the important keywords changed over time and what are the
recent important keywords? In order to trace dynamic changes of the HFT
Research, the whole 24 year was further separated three consecutive
periods: 1993-2002, 2003-2012, and 2013-2017. We constructed three
keywords networks as shown in Fig. 3 to 5. For the full lists of keywords
in these three periods, see Appendix A through Appendix C.
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Fig. 3 Keywords network by co-occurrence (1993-2002)
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occurrence (2003-2012)

Fig. 4 Keywords network by co

2017)

occurrence (2013-

Fig. 5 Keywords network by co
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5. Discussions and implications

5.1 The findings of the quantitative analysis results

For further showing statistics of keywords network in different time
slices, we compared the rank of the important keywords in the three
keywords networks constructed as shown in Fig. 6 in order to thoroughly
and precisely analyze the variations of trends. Please notice that the
important keywords in Fig. 6 are from top ten keywords in Table 3. The
top ten keywords from betweenness centrality measuring for all period

99 13

(1993-2017) are “market”, “prices”, “finance”, “liquidity”, “statistics”,

2% ¢¢

“financial markets”, “stock’, “stochastic”, “model” and ‘“‘trades” as shown
in Table 3.

The findings include following:

1) “Market” revealed to be the most important keyword by betweenness
centrality measuring for all three periods, because it has received consistent
upward attention.

2) “Stock” even received sharply upward attention since 1993 until 2017.

3) “Liquidity” and “finance” and “financial markets” are emerging theme
since 2003 year due to they were not appeared in period of 1993 to 2002.

4) “Model” and “trades” were paid growing attention from 1993 through
2012 period, while 2013 to 2017 were not. One possible explanation may
be that “model” and “trades” are viewed as common sense already in HFT
research until recent years.

5) “Prices” and ’stochastic” emerged since 2003 year, but they were paid

less attention from 2013 through 2017 period.

52

DOI:10.6814/NCCU201901120



The above analysis provides an overview of HFT research and it
concludes that “market performance” related keywords, which represent
some established research themes, have become the major focus in HFT

research. It also changes rapidly to embrace new themes.
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emmmmarket 7 5 3
e rices 3 7
esmmfinance 16 5
o iquidity 13 4
st atistics 9 9
es=financial markets 31 6
wm—stock 25 18 8
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model 18 11 10
es—mtrades 26 8 11

Fig. 6 Changes in important keywords over time
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5.2 Comparison with previous qualitative research in HFT

On the other hand, according to previous chapters, “l1.4 Current
qualitative research in HFT” and “1.5 Research categories and findings in
HFT”, many attempts have been made to research HFT by a number of
scholars in recent years. Goldstein, Kumar and Graves (2014)!* reviewed
the works in this area from the empirical and theoretical papers and
assigned them into following six categories on the basis of different topics:

1) market performance (Budish, Cramton, & Shim, 2015; Menkveld,
2014; Schwartz & Wu, 2013; Jarnecic & Snape, 2014; Brogaard,
Hendershott, & Riordan, 2014; Hendershott & Riordan, 2013; Popper,
2012c; Baron, Brogaard, & Kirilenko, 2012; Jones, 2013a; Hasbrouck &
Saar, 2013; Credit Suisse, 2012),

2) strategies and practices (Aldridge, 2013; Kirilenko & Lo, 2013;
Laughlin, Aguirre, & Grundfest, 2014),

3) evolution (Rubenstein, 2015; Goldstein, Kumar, & Graves, 2014;
Kirilenko & Lo, 2013; Popper, 2012c),

4) speed (Angel, 2014; Laughlin, Aguirre, & Grundfest, 2014;
Wissner-Gross & Freer, 2010; Brogaard, Hendershott, Hunt & Ysusi, 2014;
Hasbrouck & Saar, 2013),

5) fairness (SEC, 2010; Narang, 2010; Patterson, Strasburg, & Pleven,
2013),

6) regulatory implications (Piwowar, 2013; SEC/CFTC, 2010;
Westbrook, 2010).

However, those findings about HFT are largely qualitative in nature.
what are the areas of focus in HFT? What are the developing trends in
current research? Although there have been some review articles
concerning HFT, for most of these works, it is not clear if merely depending
on review articles would be capable of revealing the developing trends or
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future orientation of a new research field.

Now, there is agreement with previous work through this research
which provides a quantitative analysis of global empirical and theoretical
HFT papers. This research further points out that “market performance”
related keywords, which represent some established research themes, have
become the major focus in HFT research. It changes rapidly to embrace
new themes. It can also help to evaluate the need for regulatory intervention
or regulatory purposes.

These investigations can help researchers to realize the breadth of HFT
research and to establish future research directions and to provide an entry
point to any academic, regardless of their prior knowledge of the theme.
These investigations can also help to get different point of view that emerge
from a comprehensive review of existing HFT papers by future researchers
before choosing their interested field.
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6. Conclusion

6.1 The original problem statement

HFT is an emerging, ever changing and rapidly evolving area with
highly interdisciplinary in nature for the markets, regulators, and the
public!®®. This diversity may root from the emerging nature of computing
technology and its wide appeal as well as unique researcher and
practitioner viewpoints. However, current research categories and findings
about HFT are largely qualitative in nature. Although there have been some
review articles concerning HFT, for most of these works, it is not clear if
merely depending on review articles would be capable of revealing the
developing trends or future orientation of a new research field. Therefore,
my general purpose in this research is to provide a quantitative analysis of
global empirical and theoretical HFT papers.

Those findings by topics shown in Table 1 represent the diverse issues
and findings in the field of HFT which include the introduction of
keywords and ideas and even new concepts about HFT. However, what are
the areas of focus in HFT? What are the developing trends in current
research?

6.2 Summarization

In this research, we used social network analysis (SNA) technique to
give a comprehensive understanding of HFT research during 1993 to 2017.
We obtain some clear and reasonable results which can provide useful
insights to better understand evolution and emerging trends in HFT
research.

The findings of the quantitative analysis indicate that HFT research

has been strongly influenced by “market”, “prices”, “finance”, “liquidity”,
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“statistics”, ‘“financial markets”, “stock”, “stochastic”, “model” and
“trades”, which represent some established research themes. They are
major focuses and the bridges connecting to other research themes in HFT.

Comparing with previous qualitative research in HFT, this research
further points out that “market performance” related keywords, which
represent some established research themes, have become the major focus
in HFT research. It also changes rapidly to embrace new themes.

These investigations can help researchers to realize the breadth of
HFT research and to establish future research directions and to provide an
entry point to any academic, regardless of their prior knowledge of the
theme. These investigations can also help to get different point of view
that emerge from a comprehensive review of existing HFT papers by
future researchers before choosing their interested field.

6.3 Limitations

This research is just a preliminary and still has limitations need to be
addressed. The main limitation of SNA technique is that it is just one of the
tools that can be used to understand evolution and emerging trends in HFT
research. It is just one piece of the puzzle. Subject matter experts are
needed to provide a context for the research.

On the other hand, this study tries to explore the evolution and
emerging trends in HFT papers published in world leading journals but the
Web of Science database may not completely cover the scientific research
of HFT.

6.4 Paths for future research

In the future, comparative research with other method in the same HFT
field could also be explored because different methods may have very
different research emphases which would also be worthy of further
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exploration to extend HFT research theme.

This study utilizes the advantage of SNA technique and such keywords
analysis might be helpful to stimulate further research or identify some
fruitful future research opportunities.
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Appendix A

Betweenness centrality measuring for the first sub-period (1993-2002)

1993 - 2002
No. rank | Keywords |
8 1 futures 91.474
1 2 arbitrage 69.006
11 3lindex 68.29
27 4 volume 68.29
26 5 volatility  46.118
5 6 crashes 9.371
14 7 market 9.371
2 8bid-ask spread 0
3 9 components 0
4 10 costs 0
6 11 distributions 0
7 12 equilibrium 0
9 13 High-frequency trading 0
10 14 hypothesis 0
12 15 information 0
13 16 margin requirements 0
15 17 Market microstructure | 0
16 18 model 0
17 19 performance 0
18 20 profitability 0
19 21 returns 0
20 22 risk 0
21 23 securities 0
22 24 speculative prices 0
23 25 stock 0
24 26 trades 0
25 27 variance 0
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Appendix B
Betweenness centrality measuring for the second sub-period (2003-2012)

2003 - 2012 2003 - 2012

No. |rank| Keywords No. |rank Keywords
5 1/ Algorithms 2723.209| 119| 46 risk 21.541
68| 2 High-frequency trading | 1947.709| 44 47 economics 21.067
113|  3/prices 1943.382| 62| 48|futures 19.741
153 4 volatility | 1592.97| 13| 49 bid-ask spread 18.193
86/ 5 market 1466.067| 149 50| Value-at-risk 15.594
129/ 6 Stochastic 1124.416| 75 51 Intraday 12.218
136| 7/systems 1108.412| 15/ 52|Boosting 2.133
144|  8|trades 844.66| 1| 53|1st passage 0
128/ 9 Statistics 844.355| 2| 54|Active measurement 0
131/ 10|strategies 776.203| 3| 55/Adaptive trader-agents 0
92| 11 model 714.488| 4  56|/Agent-based modelling 0
141 12|time 550.082| 6/ 57 amorphous solids 0
84| 13 Liquidity 393.819| 7| 58anomalous diffusion 0
73| 14 information 387.353| 8| 59 Approximation 0
12| 15|behavior 379.06| 10/ 60|Asynchronous data 0
55| 16 Finance 330.972| 14| 61|Binary classification 0
87| 17/ Market microstructure 305.516| 16/ 62/C33 0
130] 18 stock 276.927| 17| 63 C41 0
41| 19 distributions 198.327| 18| 64/C50 0
137| 20 Technical analysis 190.978| 19| 65|cascades 0
95 21|news 186.846| 20| 66 choice 0
80| 22 Latency 164.73| 21| 67 classification 0
9| 23 arbitrage 163.332| 22| 68 Cloud computing 0
45| 24 Efficiency 135.079| 23| 69 Codes of conduct 0
46| 25 empirical-analysis 134.262| 24| 70|Codings 0
100| 26 Order flow 130.235| 25 71/ Commodity hardware 0
58| 27 Foreign exchange 128.547| 26/ 72|Common factor 0
76 28|investment 128.284| 27  73|Commonality 0
118| 29 returns 114.102| 28 74 competition 0
83| 30 limit order book 109.02| 29| 75/component analysis 0
56/ 31 Financial markets 97.433| 30| 76/components 0
107| 32|performance 87.288| 31, 77 |continuous double auction 0
71| 33/index 56.19| 32| 78 costs 0
115 34 profitability 56.01| 33 79 covariance 0
36| 35 decision 55.881| 34| 80|crashes 0
52| 36 experience 54,663| 35  81|Data stream processing 0
50| 37|Exchange rate 52.486| 37, 82|Detrending 0
70| 38|impact 50.131| 38| 83 /diffusion 0
98 39 optimization 45.131| 39| 84 disposition 0
121| 40 securities 34.477| 40/ 85 Distributed processing 0
116| 41|rate dynamics 31.575| 42| 86|dynamics 0
154/ 42|/volume 30.481| 43| 87 EaaS 0
11| 43 Automation 26.278| 47, 88|equilibrium 0
112| 44 Prediction 26.052| 48 89 error-correction 0
94| 45 neural-networks 22.656| 49 90 evolution 0
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Appendix C
Betweenness centrality measuring for the third sub-period (2013-2017)

‘ 2013 - 2017 2013 - 2017
No. rank Keywords No. rank Keywords
163,  1|High-frequency trading | 15349.117| 255 46 |options 322.945
10, 2|Algorithms 9033.231| 277| 47 |power 320.466
217|  3|market 8454.144| 248| 48 news 298.916
211]  4|Liquidity 7070.412| 365  49|volume 244.794
143/  5|Finance 6733.11| 362  50|variance 210.176
144|  6|Financial markets 5455.364| 246 51 neural-networks 206.152
280 7|prices 5301.453| 7| 52 Agent-based modelling 185.942
333/  8|stock 5137.49| 279| 53|Prediction 181.464
331]  9|Statistics 4706.375| 62| 54 competition 168.874
234 10|{model 3940.322| 171,  55|impact 158.898
353 11|trades 3479.517| 74| 56 Content-based 144.998
111/ 12|dynamics 3275.315| 309, 57 |selection 135.227
346/ 13|systems 2731.716| 203| 58 law 107.017
275 14 |portfolio 2696.57| 216/ 59 Manipulation 104.194
332: 15|Stochastic 2543.021| 120, 60 |empirical-analysis 97.351
215/ 16|management 2533.632| 305 61|rules 95.875
256, 17|Order flow 2276.406| 83| 62|covariance 85.314
352/ 18|time 2174.244| 181| 63|Innovation 85.282
180, 19|information 2104.56| 127, 64 equilibrium 79.572
269| 20|performance 1684.337| 178| 65|individual investors 77.577
254 21|optimization 1560.585| 134  66|exchange 75.6
117| 22|Efficiency 1499.502| 33| 67 bid-ask spread 74.359
44| 23|capital 1204.612| 136| 68|execution costs 68.596
297 24returns 1129.319| 6/ 69| Adverse selection 64.104
31 25|behavior 1043.882| 315/  70|sharpe ratio 58.984
210/ 26/limit order book 081.42| 348| 71|Technical analysis 53.715
349/ 27 |technology 929.715| 17| 72|ask 52.004
218/ 28|Market microstructure 885.26| 135/ 73 |Exchange rate 48.534
175 29|index 855.817| 22| 74|Asymmetry 45.24
364 30|volatility 833.319| 139| 75|facts 42178
14| 31|arbitrage 755.86| 94| 76 |dealer 35.465
299 32|risk 752.568| 38| 77 book 33.13
308 33|securities 745.66| 97, 78|decision 31.873
191/ 34|investment 711.843| 132|  79/evolution 31.071
155 35|futures 635.551| 192 80|issues 27.821
354  36|transactions 618.743| 327| 81|spread 23.048
334, 37|strategies 590.264| 106/ 82 |discovery 22.219
202/ 38|Latency 579.702| 133|  83|Evolutionary computation 20.034
24, 39|Automation 509.524| 236/ 84 Momentum 18.852
103 40|diffusion 495.759| 50/ 85 classification 17.174
116 41|economics 456.811| 245/  86|networks 16.995
285 42|quality 415.741| 190  87|Inventory risk 16.062
321| 43|sociology 409.809| 8| 88|aggressiveness 15.185
82 44|costs 401.178| 123  89|entropy 14.797
84| 45|crashes 334.673| 89/ 90| cross-section 14.076
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