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I
Preface

Any intelligent fool can make things bigger and more complex... It takes a touch of
genius — and a lot of courage to move in the opposite direction.
Albert Einstein

“Algorithmic Trading Methods: Applications using Advanced Statistics, Optimization, and
Machine Learning Techniques,” Second Edition is a sequel to “The Science of Algorithmic
Trading & Portfolio Management.” This book greatly expands the concepts, foundations,
methodology, and models from the first edition, and it provides new insight into Algorithmic
Trading and Transaction Cost Analysis (TCA) using advanced mathematical techniques,
statistics, optimization, machine learning, neural networks, and predictive analytics.

Algorithmic Trading Methods provides traders, portfolio managers, analysts, students,
practitioners, and financial executives with an overview of the electronic trading environment,
and insight into how algorithms can be utilized to improve execution quality, fund
performance, and portfolio construction.

We provide a discussion of the current state of the market and advanced modeling techniques
for trading algorithms, stock selection and portfolio construction.

This reference book will provide readers with:

o Insight into the new electronic trading environment.

e Opverview of transaction cost analysis (TCA) and discussion of proper metrics for cost mea-
surement and performance evaluation.

e Description of the different types of trading algorithms: VWAP/TWAP, Arrival Price,
Implementation Shortfall, Liquidity Seeking, Dark Pols, Dynamic Pricing, Opportunistic,
and Portfolio Trading Algorithms.

e Proven market impact modeling and forecasting techniques.

e Trading costs across various asset classes: equities, futures, fixed income, foreign exchange,
and commodities.

e Advanced forecasting techniques to estimate daily liquidity, monthly volumes, and ADV.

e An algorithmic decision-making framework to ensure consistency between investment and
trading objectives.

e An understanding of how machine learning techniques can be applied to algorithmic trading
and portfolio management.

e A best execution process to ensure funds are positioned to achieve their maximum level of
performance.

e A TCA library that allows investors to perform transaction cost analysis and develop algo-
rithmic trading models on their own desktop.
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e A methodology to decode broker models and develop customized market impact models
based on the investment objective of the fund.

Readers will subsequently be prepared to:

Develop real-time trading algorithms customized to specific institutional needs.

Design systems to manage algorithmic risk and dark pool uncertainty.

Evaluate market impact models and assess performance across algorithms, traders, and brokers.
Implement electronic trading systems.

Incorporate transaction cost directly into the stock selection process and portfolio optimizers.

For the first time, portfolio managers are not forgotten and will be provided with proven
techniques to better construct portfolios through:

Stock Selection

Portfolio Optimization
Asset Allocation

MI Factor Scores
Multi-Asset Investing
Factor Exposure Investing

The book is categorized in three parts. Part I focuses on the current electronic market
environment where we discuss trading algorithms, market microstructure research, and
transaction cost analysis. Part II focuses on the necessary mathematical models that are used
to construct, calibrate, and test market impact models, as well as to develop single stock and
portfolio trading algorithms. The section further discusses volatility and factor models, as
well as advanced algorithmic forecasting techniques. This includes probability and statistics,
linear regression, probability models, non-linear regression, optimization, machine learning
and neural networks. Part III focuses on portfolio management techniques and TCA, and
shows how market impact can be incorporated into the investment decisions stock selection
and portfolio construction to improve portfolio performance. We introduce readers to an
advanced portfolio optimization process that incorporates market impact and transaction
costs directly into the portfolio optimization. We provide insight in how MI Factor Scores
can be used to improve stock selection, as well as a technique that can be used by portfolio
managers to decipher broker dealer black box models.

The book concludes with an overview of the KRG TCA library. This chapter providers readers
with insight into how the models and methodologies presented in the book can be packaged and
utilized within numerous software packages and programming languages. These include:
MATLAB, Excel Add-Ins, Python, Java, C/C++, .NET, and standalone applications as
.EXE and .COM application files.

And like the Albert Einstein quote above asks, Algorithmic Trading Methods dares to be
different and exhibits the courage to move in new direction. This book presents the
simplicity behind the algorithmic trading curtain, and shows that the algorithmic trading
landscape is not nearly as complex as Finstein’s intelligent industry fools would have us
believe. This book is a must read for all financial investors and students.
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Chapter

To say that electronic algorithmic trading has disrupted the financial envi-
ronment is truly an understatement. Algorithmic trading has transformed
the financial markets—from the antiquated days of manual labor, human
interaction, pushing, yelling, shoving, paper confirmations, and the occa-
sional fist-fight—into a system with electronic audit trails and trading facil-
itated using computers, complex mathematical formulas, machine learning,
and artificial intelligence.

Nowadays, the trading floors of these antiquated exchanges more resemble
a university library than they do a global center of trade and commerce.
Many of the glamourous trading floors of years ago, such as the floor of
the New York Stock Exchange, have been relegated to just another stop
on a historical walking tour of downtown New York City.

Trading floors are no longer an active center of trading commerce. Trading
floors are relatively quiet and are no longer littered with filled will paper or-
ders and confirmations. Today, all trading occurs electronically in data cen-
ters with computers rather than people matching orders.

In 2019, electronic trading comprised approximately 99.9% of all equity
volume and algorithmic trading comprised approximately 92% of all equity
volume.' The remaining 8% of the orders that are not executed via an algo-
rithm are still transacted electronically. But in these situations, brokers still
route orders via a computer trading system to different exchanges, venues,
and/or dark pool to be transacted in accordance with specified pricing rules
define by these brokers.

Fig. 1.1 illustrates the evolution of electronic and algorithmic trading over
the period 2000—19. Electronic trading in the early years was dominated
by firms such as Instinet, Island, and ITG/Posit, and occurred mostly in
NASDAQ/OTC stocks. Electronic trading grew from 15% in 2000 to
99.9% in 2019. The only trading that does not occur electronically today

'Source: Kissell Research Group, www.KissellResearch.com.
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(<0.1%) occurs through special situation sales and transactions. Otherwise,
all trading in US markets occurs electronically.

Over the same period, algorithmic trading exploded grew from 1% of total
market volume in 2000 to 93% in 2019. The biggest increase in algorithmic
trading occurred first in August 2007 due to the quant meltdown and then
again in 2008—09 due to the financial crisis. It was during these periods of
high volatility, trading difficulty, and rapid price changes that institutions
realized the benefits of algorithmic trading. During these times, investors
were faced with rapidly adverse price movement and decreased transactable
liquidity. Time delay encountered in when disseminating orders to brokers
for immediate execution were often met with information leakage, less
favorable transaction prices, and lower profits margins. To avoid these hos-
tile trading conditions, investors turned to the more advanced trading sys-
tems and the usage of algorithms so that they could better control their
orders, keep their trading intentions hidden, and achieve more favorable
transaction prices.

The old-fashioned trading system environment we once know where we call
our broker, market-maker, or specialist over the phone are long gone.
Welcome to the new financial environment.

WHAT IS ELECTRONIC TRADING?

Electronic Trading is the process of transacting orders over a computer sys-
tem or network rather than via a phone call or fax sent to your broker where
you need to state your order, trading intentions, and any special instruction.
Electronic trading could be as simple as entering a buy order into a retail
trading system using a computer terminal, or more recently, via a mobile
app. Electronic trading could also be more advanced and complex such
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as situations where investors route orders to different trading venues for
execution at specified prices, within price spreads, or for execution at
different times of the day. In all these cases, electronic trading encompasses
any order that generates via a computer connection.

Electronic trading should not be anything new. In fact, much of our daily lives
have become mobile and we are connected to the internet almost twenty-four
seven. Think of all the purchases we make on the internet including every-
thing from movie, sports, theater, and entertainment tickets; clothing, travel,
hotel, and airfare, automobile, and at times even home purchases.

WHAT IS ALGORITHMIC TRADING?

Algorithmic trading in its simplest form is the computerized execution of a
financial instrument following a prespecified set of trading rules and instruc-
tions. Investors, instead of sending an order to a broker for execution or
routing an order to an exchange, simply enter the order into the algorithm
for execution. Algorithms then slice larger orders into smaller pieces for
execution over the day, and at various trading venues, to achieve the best
market prices and reduce overall trading costs.

The primary goal of algorithmic trading is to ensure that the implementation
of the investment decision is be consistent with the investment objective of
the fund and to manage the overall transaction costs of the order and
achieve the favorable prices.

TRADING ALGORITHM CLASSIFICATIONS

Trading algorithms are classified into three categories: execution algo-
rithms, profit seeking algorithms, and high frequency trading algorithms.

m  Execution Algorithms: An execution algorithm is tasked to transact the
investment decision made by the investor or portfolio manager. The man-
ager determines what to buy or sell based on their investment style and
fund investment objective, and then enters the order into the algorithm.
The algorithm will then execute the order and implement the decision
following a set of rules specified by the portfolio manager.

m  Profit Seeking Algorithms: A profit seeking algorithm is an algorithm
that will both determine what to buy and/or sell in the market and will
execute those decisions without interaction by the portfolio manager.
For example, these algorithms will use real-time price information and
market data such as prices, volume, volatility, and price spreads to deter-
mine what to buy or sell, and will then implement a trade when the con-
ditions are favorable to the investor. Profit seeking algorithms seek to
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earn a profit based on a quantitative model, market mispricing, or a stat-
arb strategy based on pairs, index funds, or ETFs.

m  High Frequency Trading: High frequency trading (HFT) is a type of
profit-seeking algorithm that seeks to earn a short-term trading profit.
The holding period for an HFT trader will often only last for a few seconds
or less and HFT trading will tend not hold any overnight position as it ex-
poses the fund to much increment risk. HFT algorithms are characterized by
very high turnover rates and they seek to profit by exploiting market mis-
pricing and liquidity conditions across different exchange, venues, and
dark pools. HFT algorithms are also notorious for trying to uncover the
buying and/or selling intentions of long-term investor through processing
market data, prices, and quotes, and then using this information to their
advantage to achieve a profit. All HFT algorithms are profit seeking algo-
rithms, but not all profit seeking algorithms are HFT.

TRADING ALGORITHM STYLES

There are many different types of trading algorithms in the market, each
with a unique name that often does not adequately describe how the algo-
rithm will transact in the marketplace. To help managers differentiate algo-
rithms, they are often classified as aggressive, working order, or passive.
Managers need to determine the algorithm that will transact in a manner
consistent with the investment object of the fund. These are:

m  Aggressive: Algorithms that will trade aggressively in the market
with the goal of transacting shares at a specified price or better. These
algorithms have often been described as liquidity seeking algorithms
and/or liquidity sweeping algorithms. These algorithms will likely trade
aggressively in the market and take liquidity across multiple venues
when there is volume at the specified price or better. They tend to trade
with more market order than limit orders.

m  Working Order: Algorithms that trade in the market following prescribed
rules based on the needs of investors. These algorithms will often seek to
balance the tradeoff between trading cost and market risk, as well as seek
to maximize the specified investment objectives. These algorithms will
trade with an appropriate balance and mix of limit and market orders.

m  Passive: Algorithms that trade in a very passive manner and using mostly
limit orders. These algorithms will also seek to trade greater quantities of
shares in dark pools to minimize information leakage and to ensure that
the execution of the order does not provide the market with signals per-
taining to the trading intentions of the fund.
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INVESTMENT CYCLE

The most important part of a trading algorithm is to ensure the algorithm
executes the order consistent with the investment objective of the fund.
Therefore, to fully understand and appreciate how to create, develop, and
utilize trading algorithms we must start at the beginning with a discussing
of the investment cycle, and more importantly, a discussion of how and why
portfolio managers trade.

The investment cycle consists of four distinct phases: asset allocation, port-
folio construction, implementation, and portfolio attribution.

m  Asset allocation consists primarily of distributing investment dollars
across stocks, bonds, cash, and other investment vehicles to achieve a
target level of return within a specified level of risk exposure and
tolerance.

m Portfolio construction consists primarily of selecting the actual instru-
ments to hold in each asset class.

m Implementation has historically consisted of selecting an appropriate
broker-dealer, type of execution (e.g., agency transaction or principal
bid), and now includes specification algorithms and algorithmic trading
rules.

m  Portfolio attribution is the process where fund managers evaluate port-
folio returns to determine if returns are due to the investment strategy
or market noise and volatility. Managers seek to determine if returns
are due to skilled decision-making ability or luck.

Until recently, the vast majority of research (academic & practitioner) has
focused on improved investment decisions. Investors have a large array
of investment models to assist in asset allocation and portfolio construction.
Unfortunately, investors do not have nearly the same quantity of trading
tools to analyze implementation decisions. The quality of trading tools
has changed significantly with the rise of portfolio-trading tools and transi-
tion management. With the advent of algorithmic trading these tools are be-
ing developed further and gaining greater traction (Fig. 1.2).

INVESTMENT OBJECTIVE

Portfolio managers all have different reasons for trading. They each have
different investment objectives, time horizons, risk constraints, and mix
of investors. When a manager decides to make a trade, they need to safe-
guard and protect their investors from adverse price movement that may
occur during the execution of the trade. Managers need to ensure that trades
are not executed too fast resulting in too much price impact from their
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buying and/or selling pressure or executed too slow resulting in too much
market risk from taking too long to complete the order.

The goal of the fund manager during implementation of the investment de-
cision is to ensure that the execution strategy used to transact the order is
consistent with the investment objective of the fund. To accomplish this
goal, traders need to properly balance the tradeoff between price impact
and market risk, and they must do so by considering the reasons behind
the managers trading decision.

INFORMATION CONTENT

A trade is either “information-based” or “liquidity-based.” An information-
based trade is a trading decision that is motivated by expected future price
movement and/or company growth prospects, or to achieve desired risk-
return targets. For example, transacting stocks that are undervalued or over-
valued in the market and/or purchasing stocks that have been found to have
superior long-term growth prospects are considered information-based
trades and provides managers with opportunity to achieve alpha. Managers
executing an information-based trade will take necessary steps to keep their
trading intentions hidden from the rest of the market so that they can
achieve the maximum alpha potential. An information-based trade may
be executed in an aggressive manner that allows the manager to purchase
shares at the undervalued price or sell shares at the overvalued price before
the rest of the market learns of the mispricing.
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A liquidity-based trade is trade that is not motivated by any expected future
price trend and/or company growth prospects, or the need to achieve a
desired risk-return tradeoff. These trades are often due to a cash deposit
or a cash redemption request from an investor, a cash dividend received
by the fund that needs to be reinvested in the market, or the need for the
manager to sell assets to pay expenses or taxes. A liquidity-based trade
may occur if there is a scheduled index reconstitution such as a quarterly
or annual rebalance. In these situations, index managers buy stocks that
are being added to the index and sell stocks that are being deleted from
the index so that they can hold the same stocks and in the same weightings
as the underlying index. A liquidity-based trade will often be executed in a
passive manner if the manager does not have reason to suspect there will be
any adverse short-term price trends.

INVESTMENT STYLES

Portfolio managers trade for different reasons. Managers will buy stocks
that are found to be undervalued and likely to increase in price and will
sell or short stocks that are found to be overvalued and likely to decrease
in price. Portfolio managers may trade when they have uncovered a stock
that has superior long-term growth prospects that will help the fund generate
incremental alpha. Other times, portfolio managers will trade to rebalance
their portfolio to maintain their designated asset allocation mix or to ensure
they meet targeted risk-return objectives.

An industry event such as a merger, acquisition, or bankruptcy will result in
a trade if the stock is held in the fund’s portfolio. And an index reconstitu-
tion will trigger a trade for an index fund because the fund needs to hold the
same stocks and in the same proportions as in the underlying index. Man-
agers need to sell stocks that are being deleted from the index and buy
stocks that are being added to the index regardless of their long-term
view or price expectations for the company.

Fund managers will also purchase shares when investors deposit cash into the
fund and will sell assets when shareholders request a cash redemption, also
known as a liquidation. Additionally, managers will trade when they receive
cash dividends from their holdings that need to be reinvested in the market or
when they need to raise cash to pay for portfolio expenses to pay taxes.

The investment style of the fund will also influence the way trades are
executed in the market, and will be different for active funds, quantitative
fund, and passive funds.
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The reasons behind trades are important considerations when developing
the execution strategy for the order. These are further discussed below.

Active Fund. An active fund manager makes investment decisions at the
stock level. They utilize publicly available company information such as bal-
ance sheets and income statements, sales, earnings, and dividends. They may
also evaluate the company management team and overall firm strategy and
business plan. Active managers rely in part on their own personal expertise
and judgment, and will perform a qualitative analysis of a company when
appropriate, rather than solely relying on statistical methods. Active man-
agers spend large amounts of time and resources evaluating companies to
uncover superior investment opportunities and potential for long-term out-
performance. As such, they research which companies are likely to outper-
form their peers and should be added to the portfolio and which companies
are likely to underperform their peers and should be removed from their port-
folio or possibly sold short. Most of the active manager trades are
information-based.

An active manager will execute trades in different manners depending on
the reason of the investment decision. An active manager who has uncov-
ered a stock that is mispriced in the market will likely execute the order
more aggressively to complete the order before other market participants
learn of the mispricing. An information-based trade for a stock with supe-
rior long-term growth prospects that is currently trading at a fair market
price may be transacted more passively so it does not alert the market to
the long-term growth prospects of the company. An active manager may
also make a liquidity-based trade, such as in a situation where the manager
receives a cash investment and decides to allocate the dollars across all
stocks in the portfolio because they believe this is the best portfolio mix
for their investors.

Quantitative Fund. Quantitative fund managers utilize a systematic
approach to investing based on mathematical models, statistical analysis,
and sound financial theory, rather than relying on human judgment. Quanti-
tative managers utilize market data including prices, momentum, volume,
volatility, and correlations, as well as information derived from company
balance sheets and income statements as inputs into their models. Quantita-
tive managers spend a great amount of time generating ideas, building
models, and testing results. The quant manager will often back-test ideas
over a historically long period of time such as 30 years or more to ensure
statistical accuracy and a high degree of confidence that the strategy will
work under different market conditions.



Investment Strategies 9

Quantitative managers have clearly defined investment objectives, such as
to achieve outperformance compared to a benchmark, manage risk-return
tradeoff, statistical arbitrate based on market mispricing, minimize tracking
error, etc. The trade for the quant funds is determined from their models and
the execution of these trades are determined from the specific reason of the
trade decision. For example, a quant manager buying stocks that are likely
to outperform in the short-term may trade in an aggressive manner. A quant
manager who is rebalancing their portfolio to minimize tracking error and is
buying and selling stocks may trade in a more passive manner because their
trade list is providing some hedging protection against intraday price move-
ment and it is not motivated by any short-term alpha. And a quant manager
who is targeting a specified risk-return tradeoff may trade in a manner
somewhere between passive and aggressive to balance their price impact
and risk exposure.

Passive Fund. A passive manager, also known as an index manager, makes
trade decisions based on their underlying portfolio benchmark. Index funds
have historically been referred to as liquidity-based and information-less
investing because the investment decision and subsequent trades are deter-
mined from the benchmark index and not from manager’s valuation of the
company or their long-term grow expectations. Passive managers invest in
stocks based on their weightings in the index and will rebalance their port-
folio when there are changes made to the index or due to asset allocation
needs. At times, an index manager may seek to overweight or underweight
a stock in their portfolio to generate excess alpha, but this is the exception
rather than the normal practice.

Index manager trades are mostly liquidity-based trades. Index manager will
trade if there is a change to the underlying index resulting in stocks being
added to the index or deleted from the index or if trades are directed by in-
vestors such as from a cash investment or cash redemption request. In these
situations, trades are allocated across all stocks in the portfolio based on their
weights in the underlying index. An index manager will most often transact
in a passive manner. However, may elect to transact in an aggressive manner
at times of an index change to avoid potential future adverse price move-
ments that will likely arise from the large amount of buying or selling pres-
sure from other index managers buying and selling the same stocks.

INVESTMENT STRATEGIES

Alpha Generating Strategy. An alpha generating strategy consists of a
strategy where the fund manager expects to earn a return for the risk
they incur. In many situations, portfolio managers also expect to earn an
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excess return from the information content of the trade that they uncovered.
For example, managers will buy stocks that are found to be undervalued
and likely to increase in price and will sell or short stocks that are found
to be overvalued and likely to decrease in price. Portfolio managers may
also trade when they have uncovered a stock that has superior long-term
growth prospects that will help the fund generate incremental alpha.

Common alpha generating strategies are based on the following:

m Long-Term. Long-term alpha refers to a strategy where the manager be-
lieves that the company has excellent and/or superior long-term growth
potential and is likely to achieve excess returns over time.

m  Short-Term. Short-term alpha refers to a strategy where the manager be-
lieves the asset will change price in the near-term. A short-term alpha
trade can be triggered from a market mispricing where the manager be-
lieves the stock is either overvalued or undervalued expects the rest of
the market to uncover this mispricing in the near-term resulting in a
reevaluation of stock price.

m  Company Outlook. A manager will make a trade when their expectation
about a company has changed. This could be due to the proprietary
research performed by the fund manager and analysts, or it could be
due to company news and announcements. In either case, this new infor-
mation may lead the manager to reevaluate their expectation for future
price returns and company growth potential.

m  Company News. A manager will often change their outlook on a com-
pany at times of a company announcement such as higher or lower rev-
enue expectations, or a public announcement of a new product line or
revenue forecast expectations.

m  Corporate Action. A corporate action is any company event or news
announcement that has a financial impact on the company. Corporate ac-
tions include dividends and coupon payments, mergers and acquisitions,
spin-offs and de-mergers, stock splits, conversion of convertible bonds,
early redemption, announced class action lawsuit, bankruptcies, etc. A
portfolio manager will trade after a corporate action announcement
when they believe that they have better understanding of the event
than the rest of the market. Corporate action strategies include risk arbi-
trage and event driven strategies.

m  Mispricing. A manager may make a trade if they believe there is mispric-
ing between stocks or between stocks and an underlying index. For
example, in a pairs trade, a portfolio manager will make a trade when
the price difference between the two stocks exceeds a certain value.
Once the price spread decreases the manager will close their positions
to earn a profit. Another example of a market mispricing trade is an index
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arbitrage trade. In these situations, fund managers seek to earn a profit by
simultaneously transacting a stock index future and the underlying
stocks in the index when there is a difference between the cash index
value and the fair value of the index.

Alpha generating trades will be executed more aggressively if the fund man-
ager believes that they have uncovered information that is likely to be real-
ized by the rest of the market in the near-term so that they can complete
their order at the more favorable prices. Alpha generating trades based on
long-term alpha expectations and long-term growth prospects may be
executed more passively. In this case, the portfolio manager attempts to
keep their trading intentions and growth prospects hidden from the rest of
the marketplace.

Portfolio Rebalance. A portfolio rebalance is another motivating factor
behind a trade. Portfolio Managers continuously evaluate their holdings to
make certain that the portfolio is positioned to meet shareholder expectations
and obligations. Portfolio managers will rebalance their portfolio when the
current portfolio is no longer consistent with the specified portfolio objec-
tives due to many reasons such as changing market conditions, volatility
and correlations, price targets, and when managers expectations have
changed. Portfolio managers will also rebalance their portfolio to maintain
their designated asset allocation mix or to ensure they meet targeted risk-
return objectives. Portfolio rebalances will often include trades that comprise
multiple stocks and are referred to as a basket, program, portfolio, or trade
list.

The following reasons may cause a portfolio manager to rebalance their
portfolio.

m  Asset Allocation. A portfolio manager will rebalance their portfolio when
the dollar weight in an asset or in an asset class becomes either too large or
too small. For example, consider a fund that specifies it will maintain a
mix of 60% equities and 40% bonds. If there is an increase in equity prices
market resulting in a dollar weighting of 70% equity and 30% bonds the
manager will need to rebalance the portfolio by selling stocks and buying
bonds to bring the portfolio back in line. Additionally, a manager may
rebalance the portfolio if the value of an individual asset become too large
in comparison to the other portfolio holdings. For example, if a stock
experience an increase in price it may become overweighted in the portfo-
lio and thus have a very large concentration of individual risk. In this case,
PMs will rebalance the portfolio to reduce the dollar weight in these stocks
and reduce the risk exposure.
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m Index Reconstitution. An index manager will rebalance their portfolio
when there is a change to the underlying benchmark index. Index pro-
viders make changes to the underlying index throughout the year and
in doing so cause index managers to rebalance their holdings so that their
portfolio continuously replicates the underlying benchmark index. Index
providers add and delete stocks throughout the year due to due to
mergers and acquisitions, and due to bankruptcies and de-listings. Index
providers many also make changes to an underlying index due to an
annual reconstitution.

m  Market Outlook. A portfolio manager will rebalance their portfolio if
their market outlook has changed. For example, if the portfolio manager
believes small cap stocks are going to outperform large cap stocks they
may shift investment dollars from the large cap to small cap stocks. If the
manager expects grow stocks to outperform value stocks or vice versa,
then the manager will rebalance their portfolio so that their holdings
are better reflect future returns expectations.

m  Market Neutral. A market neutral strategy is a strategy where the fund is
simultaneously long and short positions. With a market neutral strategy,
managers may not have any expectation regarding market movement, but
they believe that the long positions will outperform the short positions,
even in times of a declining market. In these situations, managers will
seek to minimize the risk of the position and transact buys and sells together
so that the proceeds from sells can be used to purchase the buys.

m  Flight to Quality. Flight to quality refers to times when portfolio man-
agers believe that the is an extremely high quantity of risk and uncer-
tainty in the market such as during the financial crisis of 2008—09. In
these situations, managers will sell their risky assets and invest in safe
haven assets such as government treasury bonds.

m  Model Driven. A quantitative manager will elect to rebalance their port-
folio when they have uncovered a difference between their underlying
portfolio and their investment objectives. These reasons could be due
to changes in the risk characteristics of the stocks in the portfolio, change
in correlation structure across stocks, and/or changing expected returns.
Some of the more common model-driven objectives include targeted
returns, risk-return tradeoff, tracking error, and risk exposure to a spec-
ified factor such as interest rates, inflation, bond yields, and/or commod-
ity prices such as oil, gas, and gold.

A portfolio manager who is rebalancing their portfolio will consider the
reason behind the rebalance when structuring the execution strategy and
the overall risk of the trade list. An information-based rebalance may be
traded more aggressively if the manager is trading off a mispricing and
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may be traded more passively if the rebalance is due to an index rebalance.
A model-driven rebalance will tend to be executed in a manner to ensure
consistency between the investment objective and price impact and risk
of the trade. The manager will consider the overall risk of the trade list
when developing the execution strategy. These trades can be either aggres-
sive, passive, or somewhere in between. Trade lists that comprise greater
risk will tend to be traded more aggressively while trade lists that comprise
less risk will tend to be traded more passively.

Risk Management. Portfolio managers will also trade for risk management
needs and to protect the fund from potentially incurring large losses due to
adverse market conditions and price movement.

m Risk Reduction. In a situation of increasing market volatility, a portfolio
manager may elect to reduce portfolio risk by selling high volatility
stocks and buying stocks with lower volatility. They may also decide
to reduce risk by adding uncorrelated stocks to the portfolio to diversify
portfolio risk.

m Hedging. A portfolio manager may elect to hedge the portfolio to pro-
tect investors from potential losses due to potential adverse price move-
ment. Portfolio hedging may also occur at the end of the year if a
manager needs to lock in profits but does not want to sell the securities.

m Liquidation Costs. Portfolio managers continuously evaluate the liquida-
tion cost of their holdings to determine how much it will cost if they need
to liquidate the entire position. If a holding becomes too expensive to
liquidate, the manager will reduce the holding size to ensure that liquida-
tions costs are within a specified value. Managers may also perform
what-if analysis to determine the appropriate holding size given extreme
market conditions.

A risk management trade will be executed in the market in a manner to
ensure consistency between the overall investment risk and the timing
risk of the trade.

Cashflow. Portfolio managers will also trade due to cash flow needs. These
are:

m  Cash Deposit. Throughout the year, shareholders and new investors will
make cash deposits into the fund. Portfolio managers will need to invest
these proceedings into their selected asset.

m  Redemption. Investors will request cash redemptions and withdrawals
from the portfolio. Managers will need to sell assets to raise the capital
to return to the investors.
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m  Cash Dividend. Funds receive cash dividends from their investments
throughout the year. Managers will need to reinvest these dollars back
into the portfolio by buying stocks.

m Liabilities. Portfolio managers need to ensure that future portfolio returns
will be able to meet the liabilities of the fund. For example, pension plans
need to make future liability payments and it is the responsibility of the
fund manager to ensure that the portfolio is positioned to meet these ob-
ligations. Portfolio managers need to rebalance their portfolios to ensure
that they will be able to meet their future liabilities.

m  Payments. Managers need to pay for portfolio management expenses and
will need to sell securities to raise cash to cover these expenses.

A cashflow trade will often be executed in a more passive manner since
cashflow trades are more due to liquidity trading than they are
information-based. If these trades are information based, however, man-
agers will seek to execute these trades in a more aggressive manner.

Economic Outlook. Portfolio managers will also rebalance their portfolio
when their economic outlook has changed. These changes consist of tax
rates and changes in the overall economy such as short-term and long-
term interest rates and inflation, unemployment, as well as other types of
economic indicators such as energy prices. Depending on the indicator,
each of these will have a different effect on stocks in the portfolio and
will cause the portfolio manager to revisit the expected return of each of
risk level. Some of these strategies include:

m  Yield Curve Strategy. A fixed income manager will invest in different
bonds based on interest rates and maturity. As interest rates change man-
agers will need reevaluate their credit strategy and likely make changes
to their bond holdings.

m  Credit Strategy. A credit strategy is intended to maximum return for a
specified level of risk or to outperform a specified index. Managers
employing a credit strategy will employ either a bottom up or top
down credit strategy approach. In a bottom up credit strategy approach
the manager is concerned with the credit risk and credit ratings of the
company and whether the bond is an investment grade or high yield.
Credit strategy risk includes credit spread risk default risk, and liquidity
risk. In a top down approach, managers rely on their macro view of the
economy and invest in groups of different types of bonds such as sector,
industry, or country.
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Any change regarding the outlook of a company, economic conditions, or
interest rates that will affect bond returns will cause the portfolio manager
to rebalance their credit portfolios.

RESEARCH DATA

The underlying data used by portfolio managers as part of their investment
analysis come from different sources. These research data are comprised of
equity analysts, quantitative analysts, index analysts, and transaction cost
research analysts. Each of these provide managers with important insight
into the investment decision and stock selection process, and it also pro-
vides valuable information on how to best execute the trade. These research
areas are:

m  Equity Research: Equity analysts provide company specific research us-
ing data from balance sheets and income statements, forecasted sales and
earnings, long-term growth potential, and future price targets. Equity an-
alysts rely on company fundamental data and expectations surrounding
the economy. Equity analysts provide managers with insight into
whether a stock is over- or undervalued, and information about its
long-term growth potential.

m  Quantitative Research: Quantitative analysts provide risk and return es-
timates that are generated from models, as well as insight into which
groups of stocks are likely to outperform and/or underperform going for-
ward based on quantitative factor models. Managers focused on trading
baskets and portfolios will benefit from the research products of quant
teams.

m Index Research: Index research provides managers with insight into the
expected buying and/or selling pressure in a stock due to an index reba-
lance. For example, if stock ABC is being added to an index, and stock
XYZ is being deleted, the index research teams will provide expected
buying demand for ABC and selling pressure for XYZ, and respective
price impact estimates. The index research team may also provide man-
agers with insight into the likely candidates to be added to and deleted
from the index for forthcoming index reconstitutions or due to an
announced and potential merger.

m  Transaction Cost Analysis (TCA): Transaction cost analysis research
provides portfolio managers with insight into the how much it will
cost to buy or sell shares. This information will help the portfolio man-
ager fine-tune their investment decision and determine the most appro-
priate order size and share quantity given price impact and expected
alpha. The information also serves as the basis for selecting the proper
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trading algorithms and corresponding parameters to execute a trade.
TCA will also provide managers with optimal time horizons to execute
the order based on their investment needs.

BROKER TRADING DESKS

The equity trading operations at a broker-dealer is primarily broken into
three trading desks: cash, program, and electronic. Investors utilize these
desks in different manners and for many different reasons, an overview
of the primary functions is provided below:

Cash Trading: The cash-trading desk, also known as the single stock or
block desk, is utilized by investors who have orders subject to potential
adverse price momentum, or when they have a strong alpha conviction or
directional view of the stock. Traditionally, the block trading desk was
used to transact large block orders and for capital commitment in favorable
and adverse market conditions. Nowadays, investors additionally use block
desks to transact single stock and multi-stock orders, large and small order
sizes, in times of potential price movement. In these cases, investors rely
on the expertise of block traders and their understanding of the stock, sector,
and market, to determine the appropriate implementation strategy and timing
of order placement. The cash desk has also historically been the desk where
investors would route orders to pay for research and to accumulate credits for
future investment banking allocations from IPOs and secondary offerings.
Fundamental portfolio managers (e.g., stock pickers) who transact single
stock positions are primary clients of the cash desk. We can summarize their
trading goal as to minimize the combination of market impact cost and
adverse price movement.

Program Trading: The program trading desk, also known as the portfolio-
trading desk, is used by investors to trade baskets of stocks. These baskets
are also known as lists, programs, or portfolios. Investors will utilize a pro-
gram trading desk primarily for risk management and cash balancing. In
these cases, the portfolio manager does not typically have a strong short-
term view of a stock and is concerned with the overall performance of the
basket. They seek the expertise of program traders to determine the best
way manage the overall risk of the basket so that they can trade in a more
passive manner and minimize market impact cost. In times of a two-sided
basket consisting of buys and sells, the program trader will trade into a
hedged position to protect the investor from market movement. In times
of a one-sided basket, the program trader will seek to offset orders and partial
orders with the highest marginal contribution to risk. Very often these are the
names with high idiosyncratic or company specific risk, pending news, or
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otherwise deemed as toxic due to liquidity or unstable trading patterns. In-
vestors will transact with a program desk either via an agency execution
or capital commitment. Other investors will solicit the expertise program
trader when they are trading a basket where the sell orders will be financing
the buy orders and wish to keep cash position balanced throughout the day so
that they are not short cash at the end of the day. For program trades, the cap-
ital commitment is also known as a principal trade or risk bid. Quantitative
portfolio managers are the primary clients of the program desk since these
are the investors who more often trade baskets. Their primary trading objec-
tive is to minimize market impact and timing risk.

Electronic Trading: The electronic trading desk, also known as the algo-
rithmic or “algo” desk, is the primary destination for investors who are
seeking to capture liquidity, retain full control of the trading decision, remain
anonymous, and minimize information leakage. Investors will often utilize
an electronic desk when they are not anticipating any type of short-term price
momentum. Here the primary goal of the investor is to gain access to the
numerous market venues and be positioned to capture as much liquidity as
they can within their price targets. Traditionally, the electronic trading
desk was utilized for smaller orders, e.g., < 1-3% ADYV, or what was
believed to be “easy” trades. Now, investors use algorithms to trade both
large and small orders, single stock orders and portfolios consisting of hun-
dreds of names or more. Many investors do in fact use algorithms for their
block and portfolio program trading needs, providing they have ample con-
trol over the execution of the algorithm and that the algorithm is customiz-
able to the investment objective of the fund. Electronic trading is performed
on an agency basis only. The primary trading objective of these clients has
been to minimize market impact and opportunity cost—that is, to complete
the entire order without adversely affecting market prices.

RESEARCH FUNCTION

The research function on the equity side also has three main segments and
each is closely interconnected with each of the trading desks. These
research roles are equity analyst, quantitative analyst, and transaction cost
analyst.

Equity analysts evaluate individual companies using primarily fundamental
data and balance sheet information. These analysts then provide ratings on
the company such as buy, sell, hold, or short, or provide price targets or ex-
pected levels of return, based on their earnings and growth expectations. If a
highly regarded analyst changes her rating on a stock, such as changing a
sell rating to a buy rating it is pretty likely that the stock price will move
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and move quickly right after the analyst’s report is made public. Equity an-
alysts do move stock prices and are considered the “rock stars” of invest-
ment research.

Quantitative analysts evaluate the relationship between various factors (both
company and economic) and company returns. They use these factors to
determine what is driving market returns (as opposed to company specific
returns), e.g., growth, value, quality, etc. Quantitative analysts determine
optimal portfolios based on these relationships and their expectations of
future market conditions. They also rely on optimization techniques, statis-
tical analysis, and principal component analysis. However, unlike their eq-
uity analyst’s brethren, quantitative analysts do not move the market or
cause volumes to increase. Portfolio managers do not typically incorporate
recommendations from quantitative analysts directly into their portfolio.
Instead, managers will use quantitative analysis for independent verification
of their own findings, and as an idea generation group. Managers tend to
rerun quantitative analyst studies to verify their results and to see there is
potential from their suggestions. Quantitative analysts are also used at times
to run specified studies, evaluate specific factors, etc. In this role, they serve
as an outsource consultant.

Transaction cost analysts are tasked with evaluating the performance of al-
gorithms and making changes to the algorithms when appropriate. These
analysts study actual market conditions, intraday trading patterns, and mar-
ket impact cost. They perform market microstructure studies. The results
and findings of these studies are incorporated into the underlying trading al-
gorithms and used pretrade models that assist investors in determining
appropriate trading algorithms. Unlike equity and quantitative analysts,
TCA analysts do not make any stock or investment recommendations,
and their research findings do not move stock prices. Buy-side traders
rely on TCA analysts to understand current market conditions and the suite
of trading algorithms.

SALES FUNCTION

The role of the salesperson on the trading floor is to connect the buy-side
client with sell-side research. There are three main areas of the selling func-
tion which follows the research offerings described above. First, equity
sales, also known as research or institutional sales, is responsible for
providing the portfolio manager client with all company research. However,
since the primary concern of the majority of portfolio managers is stock spe-
cific company research, the equity salesperson focuses on providing their
portfolio manager clients with equity analyst research. Since this is the
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research that could potentially move stock prices immediately, it has a high
level of urgency. The program sales trader for the most part takes the lead in
connecting their clients with quantitative research. Since they deal with these
quant managers on a daily basis, they are well aware of their clients’ research
interest. Quant managers do not have the same sense of urgency in reviewing
quant research, since this research is not company specified and will not
move stock prices. Again, they are interested in quant research for verify
their own findings, to gain insight into what is affecting the market, what ap-
proaches are working and not working, and for additional investment ideas.
Buy-side quant managers will often recheck and verify the results of the sell-
side quant research teams before they incorporate any of these findings into
their portfolio. Transaction cost research, as mentioned, is not intended to
provide managers with stock specific information, stock recommendations,
or price targets. TCA research is performed to gain an understanding of
the market. This information is then incorporated into the underlying trading
algorithms and pretrade analytics that are intended to assist investors in
determining the appropriate algorithm for their order.

Subsequently, electronic trading desks usually have a team of analysts that
provide buy-side traders with TCA research. This research will also provide
insight into what algorithms or trading strategies are best suited for various
market conditions. The primary client of TCA research is the buy-side
trader, although recently, a trend has emerged where portfolio managers
(both fundamental and quantitative) are becoming interested in learning
how to incorporate transaction costs into the portfolio construction phase
of the investment cycle and uncover hidden value and performance. TCA
is beginning to target managers as well as traders.

IMPLEMENTATION TYPES

There are two implementation types available to investors: agency execu-
tion and capital commitment (e.g., principal bid). In an agency execution,
the investor requests the broker to transact the order in the market using
best efforts. In an agency execution, the investor incurs all market risk
and actual prices are not known in advance. Investors will receive actual
transaction prices and the fund pays the broker a commission fee to execute
the order via an agency transaction.

In a capital commitment or principal bid transaction, the investor transfers
all price risk to the broker. The investor executes at a predetermined price
such as the current price or closing price, and the broker incurs all risk.
The advantage to the investor with a principal bid is that they receive a
known or specified transaction price and they do not incur any of the
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market risk. The investor pays the broker a fee for this service known as
the principal bid and it is usually higher than the commission of an agency
trade.

ALGORITHMIC DECISION-MAKING PROCESS

It is essential that the portfolio manager clearly specify the trading goal to
their trading team so that the execution strategy will be consistent with the
investment objective and needs of the fund. Brokers then need to ensure that
the algorithmic order submission rules adhere to the execution strategy
specified by the fund. These are accomplished as follows:

To properly structure an execution strategy that is most consistent with the
investment objective, traders need to specify the following:

m  Macro Strategy: Macro trading decision consists of how to slice the trade
order over time, either by specifying to participate with a percentage of
market volume or trading via a time slicing strategy, and the benchmark
price such as the open, close, or arrival price at the time the order was
entered into the market. The macro strategy should provide the fund
with the highest likelihood of achieving their investment objective based
on expected market conditions.

m  Micro Strategy: Micro strategy consists of specifying how to deviate
from the macro strategy during the day based on price movement, chang-
ing volumes, and/or increased volatility. For example, if a manager has a
buy order and price decreases during the day, the manager may decide to
trade more aggressively to take advantage of the better market prices, or
the manager may elect to trade more passively if she believes the favor-
able trend will continue throughout the day.

The broker and/or algorithm defines order submission rules to ensure that
actual market trades are consistent with the macro and micro decisions spec-
ified by the investor. These are:

m Limit Order Model (LOM): The limit order model determines the best
mix of limit orders and market orders based on the investor specified
goals and actual market conditions at the time of each trade. It is essential
that the portfolio manager to ensure these decisions are consistent with
and adhere to the macro and micro decisions. Passive strategies will uti-
lize a greater amount of limit orders and aggressive strategies will utilize
a larger amount of market orders.

m  Smart Order Router (SOR): The smart order router determines where to
route a trade. The SOR will determine the destination with the highest
probability of executing the limit order and will determine the venue
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with the best market price known as the National Best Bid and Offer
(NBBO) for market orders. The SOR monitors real-time data from ex-
change and venues and will also assess activity in dark pool. The SOR
is also tasked with evaluating trading quality to ensure that the manager’s
trading intentions are protected, and that valuable trading information is
not being conveyed to the market.

Table 1.1 Trading Floor Function.

Superior Products/Expertise

Research Product
Capital Commitment

Superior Products/
Expertise

Research Product
Risk Bids

Function Cash Desk Program Desk Electronic Desk

Trading: Single Stock/Blocks Programs/Baskets Single Stocks/Baskets
Index/ETFs

Reason: Company/Relationships Company/Relationships Company/Relationships

Superior Products/
Expertise

Algorithmic Products

Trading Concerns:

Price Movement

Risk Management

Liquidity

Alpha Cash Balancing Control/Anonymity
Sales Team: Equity Sales PT Sales Electronic Sales
Corporate Access Quant Sales

Research Team:

Equity Research
Economic Research
Macro Research
Sector Analysts

Quant Research
Index Research

TCA Research

Research Products:

Price Targets
Earnings
Ratings

Quant Screens & Research
Index & ETF Research
Portfolio Analytics

Risk Models/Optimizers
Price Targets/Returns

Pre- & Post-Trade

TCA/Market Impact/Cost
Curves

Risk Bidding Summary

Pre- & Post-trade

Market Microstructure
Portfolio Analytics

Quant Research
TCA/Market Impact

Cost Curves

Trade Schedule Optimizer
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Chapter

Algorithmic Trading

Algorithmic trading represents the computerized executions of financial in-
struments. Algorithms trade stocks, bonds, currencies, and a plethora of
financial derivatives. Algorithms are also fundamental to investment strate-
gies and trading goals. The new era of trading provides investors with more
efficient executions while lowering transaction costs; the result is improved
portfolio performance. Algorithmic trading has been referred to as “auto-
mated,” “black-box,” and “robo” trading.

Algorithmic trading is currently one of the hottest areas of capital expendi-
ture for Wall Street firms (both buy-side and sell-side). There are numerous
conferences and seminars dedicated to algorithmic trading throughout the
United States, Europe, Asia, and Australia. Unfortunately, the amount of ac-
ademic research has not kept pace with the surge in algorithmic trading.
Most industry awareness regarding algorithmic trading has come from
broker-dealers whose marketing information is mainly self-serving with
the main purpose being to increase order flow and business. There is a
strong need for unbiased academic research and a well-tested decision-
making methodology. Throughout this text we seek to bridge the gap be-
tween academia and Wall Street.

Trading using algorithms requires investors to first specify their investing
and/or trading goals in terms of mathematical instructions. Dependent
upon investors’ needs, customized instructions range from simple to highly
sophisticated. After instructions are specified, computers implement those
trades following the prescribed instructions.

Managers use algorithms in a variety of ways. Money management funds-
mutual and index funds, pension plans, quantitative funds and even hedge
funds, use algorithms to implement investment decisions. In these cases,
money managers use different stock selection and portfolio construction
techniques to determine their preferred holdings, and then employ algo-
rithms to implement those decisions. Algorithms determine the best way
to slice orders and trade over time. They determine appropriate price,
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time, and quantity of shares (size) to enter the market. Often, these algo-
rithms make decisions independent of any human interaction.

Broker-dealers and market makers also now use automated algorithms to
provide liquidity to the marketplace. As such, these parties can make mar-
kets in a broader spectrum of securities electronically rather than manually,
cutting costs of hiring additional traders.

Aside from improving liquidity to the marketplace, broker-dealers are us-
ing algorithms to transact for investor clients. Once investment decisions
are made, buy-side trading desks pass orders to their brokers for execution
using algorithms. The buy-side may specify which broker algorithms to
use to trade single or basket orders, or rely on the expertise of sell-side
brokers to select the proper algorithms and algorithmic parameters. It is
important for the sell-side to precisely communicate to the buy-side expec-
tations regarding expected transaction costs (usually via pretrade analysis)
and potential issues that may arise during trading. The buy-side will need
to ensure these implementation goals are consistent with the fund’s invest-
ment objectives. Furthermore, it is crucial for the buy-side to determine
future implementation decisions (usually via posttrade analysis) to contin-
uously evaluate broker performance and algorithms under various
scenarios.

Quantitative, statistical arbitrage traders, sophisticated hedge funds, and the
newly emerged class of investors known as high frequency traders will also
program buying/selling rules directly into the trading algorithm. The pro-
gram rules allow algorithms to determine instruments and how they should
be bought and sold. These types of algorithms are referred to as “black-box”
or “profit & loss” algorithms.

For years, financial research has focused on the investment side of a busi-
ness. Funds have invested copious dollars and research hours on the quest
for superior investment opportunities and risk management techniques, with
very little research on the implementation side. However, over the last
decade, much of this initiative has shifted toward capturing hidden value
during implementation. Treynor (1981), Perold (1988), Berkowitz et al.
(1988), Wagner (1990), and Edwards and Wagner (1993) were among
the first to report the quantity of alpha lost during implementation of the in-
vestment idea due to transaction costs. More recently, Bertsimas & Lo
(1996), Almgren and Chriss (1999, 2000), Kissell et al. (2004) introduced
a framework to minimize market impact and transaction costs, as well as a
process to determine appropriate optimal execution strategies. These efforts
have helped provide efficient implementation—the process known as algo-
rithmic trading.
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While empirical evidence has shown that when properly specified, algo-
rithms result in lower transaction costs, the process necessitates investors
be more proactive during implementation than they were previously utiliz-
ing manual execution. Algorithms must be able to manage price, size, and
timing of the trades, while continuously reacting to market condition
changes.

ADVANTAGES

Algorithmic trading provides investors with many benefits such as:

m  Lower Commissions. Commissions are usually lower than traditional
commission fees since algorithmic trading only provides investors
with execution and execution related services (such as risk manage-
ment and order management). Algorithmic commissions typically do
not compensate brokers for research, activities although some funds
pay a higher rate for research access.

m  Anonymity. Orders are entered into the system and traded automati-
cally by the computer across all execution venues. The buy-side trader
either manages the order from within his firm or requests that the order
is managed by the sell-side sales traders. Orders are not shopped or
across trading floor as they once were.

m  Control. Buy-side traders have full control over orders. Traders deter-
mine the venues (displayed/dark), order submission rules such as
market/limit prices, share quantities, wait and refresh times, as well as
when to accelerate or decelerate trading based on the investment
objective of the fund and actual market conditions. Traders can cancel
the order or modify the trading instructions almost instantaneously.

m  Minimum Information Leakage. Information Leakage is minimized
since the broker does not receive any information about the order or
trading intentions of the investor. The buy-side trader can specify their
trading instructions and investment needs simply by the selection of
the algorithm and specifications of the algorithmic parameters.

m  Transparency. Investors are provided with more transparency surround-
ing how the order will be executed. Since the underlying execution
rules for each algorithm is provided to investors in advance, investors
will know exactly how the algorithm will execute shares in the market,
as algorithms will do exactly what they are programmed to do.

m  Access. Algorithms can provide fast and efficient access to the
different markets and dark pool. They also provide co-location, low la-
tency connections, which provides investor with benefits of high-speed
connections.
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m  Competition. The evolution of algorithmic trading has seen competition
from various market participants such as independent vendors, order
management and execution management software firms, exchanges,
third-party providers, and in-house development teams (DMA) in addi-
tional to the traditional sell-side broker-dealers. Investors have received
the benefits of this increased competition in the form of better execu-
tion services and lower costs. Given the ease and flexibility of choosing
and switching between providers, investors are not locked into any one
selection. In turn, algorithmic providers are required to be more proac-
tive in continually improving their offerings and efficiencies.

m  Reduced Transaction Costs. Computers are better equipped and faster
to react to changing market conditions and unplanned events. They are
better capable to ensure consistency between the investment decision
and trading instructions, which results in decreased market impact
cost, less timing risk, and a higher percentage of completed orders
(lower opportunity cost).

DISADVANTAGES

Algorithmic trading has been around only since the early 2000s and it is still
evolving at an amazing rate. Unfortunately, algorithms are not the be all and
end all for our trading needs. Deficiencies and limitations include:

m  Users can become complacent and use the same algorithms regardless
of the order characteristics and market conditions simply because they
are familiar with the algorithm.

m  Users need to continuously test and evaluate algorithms to ensure they
are using the algorithms properly and that the algorithms are doing
what they are advertised to do. Users need to measure and monitor
performance across brokers, algorithms and market conditions to un-
derstand what algorithms are most appropriate given the type of mar-
ket environment.

m  Algorithms perform exactly as they are specified, which is nice when
the trading environment is what has been expected. However, in the
case that unplanned events occur, the algorithm may not be properly
trained or programmed for that specific circumstance, which may lead
to subpar performance and higher costs.

m  Users need to ensure consistency across the algorithm and their invest-
ment needs. Ensuring consistency is becoming increasing difficult in
times where the actual algorithmic trading rule is not as transparent as
it could be or when the algorithms are given nondescriptive names
that do not provide any insight into what they are trying to do.
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m  Too many algorithms and too many names. VWAP, volume weighted
average price, is an example of a descriptive algorithmic name and is
consistent across brokers. However, an algorithm such as Tarzan is not
descriptive and does not provide insights into how it will trade during
the day. Investors may need to understand and differentiate between
hundreds of algorithms, and keep track of the changes that occur in
these codebases. For example, a large institution may use 20 different
brokers with five to 10 different algorithms each, and with at least half
of those names being nondescriptive.

m  Price Discovery. As we discuss in chapter two (Market Microstruc-
ture) the growth of algorithms and decline of traditional specialists and
market marker roles has led to a more difficult price discovery process
at the open. While algorithms are well versed at incorporating price in-
formation to determine the proper slicing strategy, they are not yet
well versed at quickly determining the fair market price for a security.

GROWTH IN ALGORITHMIC TRADING

To best position themselves to address the changing market environment,
investors have turned to algorithmic trading. Since computers are more effi-
cient at digesting large quantities of information and data, more adept at
performing complex calculations, and better able to react quickly to chang-
ing market conditions, they are extremely well suited for real-time trading in
today’s challenging market climate.

Fig. 2.1 depicts the growth of electronic and algorithmic trading from 2000
to 2019. In this illustration, electronic trading refers to any order that is
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routed to a venue electronically and executed via a computer matching en-
gine. These trading destinations include exchanges, alternative trading sys-
tems (ATS), dark pools, and crossing networks. Algorithmic trading refers
to the set of orders where computers make decisions pertaining to order
size, prices, and destination.

Electronic trading at the beginning of the millennium was 33% of total mar-
ket volume. Much of this electronic trading was executed via electronic
communication networks such as Instinet and ITG, and electronic crossing
engines such as ITG/Posit and Instinet after hours crossing network. Elec-
tronic trading quickly grew to about 60% of volume by 2005 and by 2010 it
reached 99.9% of total volume. Currently, electronic trading is about 99.9%
of total volume. Much of the nonelectronic trading occurs via special situ-
ation and negotiated trades that occur via broker intermediary.

Algorithmic trading became popular in the early 2000s. By 2005, it
accounted for about 22% of total volume. The industry faced an accelera-
tion of algorithmic trading (as well as a proliferation of actual trading algo-
rithms) where volumes increased threefold to 77% in 2009. The rapid
increase in activity was largely due to the increased difficulty investors
faced executing orders. Since 2015 algorithmic trading has accounted for
approximately 93% of total market volume. Trades that are not executed
via algorithms are mostly routed to different exchanges, venues, and dark
pools through electronic routing systems.

MARKET PARTICIPANTS

The first part of the millennium 2000—19 was mirrored with changing mar-
ket participants and investors. We analyzed market participant order flow by
several different categories of investors: traditional asset managers
(including mutual funds, indexers, quantitative funds, and pension funds),
retail investors, hedge funds (including statistical arbitrage and proprietary
trading funds), market makers, and high frequency traders. In our definition,
the high frequency trading only consisted of those investors considered
liquid or rebate traders. We discuss the different types of high frequency
trading below.

In 2000—06 market volumes were led by asset managers accounting for
40% of total volume. High frequency traders had almost negligible percent-
ages in 2000 but grew to about 10% of the total market volumes in 2006.
During the financial crisis, high frequency/rebate traders accounted for
about 33% of volumes followed by hedge funds (21%). Asset manager vol-
ume decreased from about 40% (2000) to about 20% (2010), and then
increased to about 35% of market volume where it has held steady over
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the last few years (2017—19). Hedge fund trading volumes as a percentage
of total volume has held steady since 2000 and is about 20% of market vol-
ume. Hedge fund volume does seem to increase during times of market
volatility and was as much as 25%—27% of total market volume during
the US debt crisis. Retail volume has also held steady over this period
and accounts for about 10% of total volume. It is important to denote
here that retail volume includes both traditional retail investors and regis-
tered investment advisors (RIAs). Retail market share decrease during times
of high volatility and financial crisis due to an increase in trading by hedge
funds, quants, and high frequency trader who all seek to realize a profit dur-
ing these turbulent times. This is illustrated in Fig. 2.2.

There is a pleura of so-called market pundits who argue that high frequency
trading accounts for upwards of 50%—70% of total market volumes. These
are much different values than what our research has found: We estimated
high frequency trading to account for only 23%—25% of total volume and
was at a peak of 30%—35% of total market volume during the financial crisis.

What is behind these differences? It just so happens that this difference is due
to the definition of “high frequency” trader. Many have grouped any type of
high turnover strategy as a high frequency trader (our rebate trader definition).
This includes quantitative strategies, hedge fund statistical, broker automated
market making, and high frequency traders. For this instance and throughout
the book, we refer to high frequency trading (HFT) as traders who are seeking
to earn a profit via rebate trading and by uncovering short-term trading pat-
terns from market data and exploiting profiting opportunities. In many cases,
these patterns are determined from the buying and selling pressure from the
other market participants. High turnover strategies, in this case, refer to the
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strategies based on quantitative models, optimizers, arbitrage strategies, pairs-
trading, and more recently, machine learning strategies.

Fig. 2.3 shows a plot of the percentage of total market volume (market share)
for high frequency trading (HFT), auto market making (AMM), hedge fund
quant (Hedge Fund-Quant) and quantitative asset managers (Asset Mgmt-
Quant). In aggregate, these four different high turnover trading strategies
have accounted for between 50% and 70% of market share and has leveled
off to about 60% of market share. Notice the increasing trend of HFT starting
around 2004—04 and peaking at about 30%—35% of total volume during the
financial crisis. HFT trading has since leveled off to about 20%—22% of mar-
ket share. Broker auto market making (AMM) has shown the largest decline
since 2000 where it was at a high of around 25%—30% of total market volume
and has since declined to about 10%—11% of total market volume.

It appears that these self-promoted pundits are only half correct. The total
amount of high turnover volume in the market in 2019 is about 60% of total
market share. But the volume that is most referred to as HFT which consists
of the rebate traders who are seeking to earn a profit by uncovering the
trading intentions of other market participants has declined to just slightly
over 20% of market volume. This HFT volume combined with broker
dealer marketing making activity accounts for about 30% of total market
volume and is consistent with the historical percentage of combined market
maker and specialist market share prealgorithmic trading.

Thus, as the more things change the more they remain the same. The tradi-
tional market making and specialist trading activity has been replaced by
HFT and AMM activity, and with very similar market percentages.
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CLASSIFICATIONS OF ALGORITHMS

One of the more unfortunate events in the financial industry is the prolifer-
ation of the algorithmic nomenclature used to name trading algorithms. Bro-
kers have used catchy names and phrases for the algorithms to have them
stand out from competitors rather than using naming conventions that pro-
vide insight into what it is that the algorithm is trying to accomplish. While
some of the industry algorithms do have logical, descriptive names, such as
“VWAP,” “TWAP,” “Arrival Price,” and “Implementation Shortfall,” there
are many others such as “Tarzan,” “Bomber,” “Lock and Load,” and one of
the all-time favorites “The Goods” although this name is soon to be
replaced. None of these catchy names offer any insight into what it is
that the algorithm is trying to accomplish or the actual underlying trading
strategy.

To shed some light on the naming convention used, we suggest classifying
algorithms into one of three categories: Hyper-Aggressive, Working Orders,
and Passive. These are as follows:

Aggressive: The aggressive family of algorithms (and sometimes hyper-
aggressive strategies) are designed to complete the order with a high level
of urgency and capture as much liquidity as possible at a specified price
or better. These algorithms often use terminology such as “get me done,”
“sweep all at my price or better,” “grab it,” etc.

Working Order: The working order algorithms are the group of algorithms
that look to balance the trade-off between cost and risk, as well as manage-
ment appropriate order placement strategies through appropriate usage of
limit/market orders. These algorithms consist of VWAP/TWAP, POV,
implementation shortfall (IS), arrival price, etc.

Passive: The passive family of algorithms are those algorithms that seek to
make large usage of crossing systems and dark pools. These algorithms are
mostly designed to interact with order flow without leaving a market foot-
print. They execute many of their orders in the dark pools and crossing
networks.

TYPES OF ALGORITHMS

Single Stock Algorithms: Single stock algorithms interact with the market
based on user specified settings and will take advantage of favorable market
conditions only when it is in the best interest of the order and the investor.
Single stock algorithms are independent of one another while trading in the
market and make decisions based solely on how those decisions will affect
the individual order.
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VWAP: Volume weighted average price. These algorithms participate in pro-
portion with the intraday volume curve. If 5% of the day’s volume trade in
any specified period then the VWAP algorithm will transact 5% of the order
in that period. The intraday volume profile used to follow a U-shaped pattern
with more volume traded at the open and close than midday. But recently,
intraday volume profiles have become more back-loaded and resemble
more of a J-shaped pattern than U-shaped pattern. A VWAP strategy is a
static strategy and will remain constant throughout the day.

TWAP: Time weighted average price. These algorithms execute orders
following a constant participation rate through the entire day. A full day or-
der will trade approximately 1/390 of the order in each 1 minute bucket
(there are 390 minutes in the trading day in the US). It is important to
note that many TWAP algorithms do not participate with volume in the
opening and closing auctions since there is no mathematical method to deter-
mine the quantity of shares to enter into these auctions. In Optimal Trading
Strategies, the TWAP curve was referred to as the uniform di