


[image: image]






Algorithmic Trading Methods

Applications Using Advanced Statistics, Optimization, and Machine Learning Techniques


Second Edition


Robert L. Kissell

President, Kissell Research Group and Adjunct Faculty Member, Gabelli School of Business, Fordham University, Manhasset, NY, United States


[image: image]











Table of Contents


Cover image



Title page



Copyright



Preface



Acknowledgments





Chapter 1. Introduction



What is Electronic Trading?



What is Algorithmic Trading?



Trading Algorithm Classifications



Trading Algorithm Styles



Investment Cycle



Investment Objective



Information Content



Investment Styles



Investment Strategies



Research Data



Broker Trading Desks



Research Function



Sales Function



Implementation Types



Algorithmic Decision-Making Process



Chapter 2. Algorithmic Trading



Advantages



Disadvantages



Growth in Algorithmic Trading



Market Participants



Classifications of Algorithms



Types of Algorithms



Algorithmic Trading Trends



Day of Week Effect



Intraday Trading Profiles



Trading Venue Classification



Types of Orders



Revenue Pricing Models



Execution Options



Algorithmic Trading Decisions



Algorithmic Analysis Tools



High Frequency Trading



Direct Market Access



Chapter 3. Transaction Costs



What are transaction costs?



What is best execution?



What is the goal of implementation?



Unbundled Transaction Cost Components



Transaction Cost Classification



Transaction Cost Categorization



Transaction Cost Analysis



Implementation Shortfall



Implementation Shortfall Formulation



Evaluating Performance



Comparing Algorithms



Independent Samples



Median Test



Distribution Analysis



Chi-Square Goodness of Fit



Kolmogorov–Smirnov Goodness of Fit



Experimental Design



Final Note on Posttrade Analysis



Chapter 4. Market Impact Models



Introduction



Definition



Derivation of Models



I-Star Market Impact Model



Model Formulation



Chapter 5. Probability and Statistics



Introduction



Random Variables



Probability Distributions



Probability Distribution Functions



Continuous Distribution Functions



Discrete Distributions



Chapter 6. Linear Regression Models



Introduction



Linear Regression



Matrix Techniques



Log Regression Model



Polynomial Regression Model



Fractional Regression Model



Chapter 7. Probability Models



Introduction



Developing a Probability Model



Solving Probability Output Models



Examples



Comparison of Power Function to Logit Model



Conclusions



Chapter 8. Nonlinear Regression Models



Introduction



Regression Models



Nonlinear Formulation



Solving Nonlinear Regression Model



Estimating Parameters



Nonlinear least squares (Non-OLS)



Hypothesis Testing



Evaluate Model Performance



Sampling Techniques



Random Sampling



Sampling With Replacement



Sampling Without Replacement



Monte Carlo Simulation



Bootstrapping Techniques



Jackknife Sampling Techniques



Chapter 9. Machine Learning Techniques



Introduction



Types of Machine Learning



Examples



Classification



Regression



Neural Networks



Chapter 10. Estimating I-Star Market Impact Model Parameters



Introduction



I-Star Market Impact Model



Scientific Method



Chapter 11. Risk, Volatility, and Factor Models



Introduction



Volatility Measures



Implied Volatility



Forecasting Stock Volatility



Historical Data and Covariance



Factor Models



Types of Factor Models



Chapter 12. Volume Forecasting Techniques



Introduction



Market Impact Model



Average Daily Volume



Observations Over the 19-Year Period: 2000–18



Observations Over the Most Recent 3-Year Period: 2016–18



Forecasting Daily Volumes



Chapter 13. Algorithmic Decision-Making Framework



Introduction



Equations



Algorithmic Decision-Making Framework



Comparison of Benchmark Prices



Comparison Across Adaptation Tactics



Modified Adaptation Tactics



Chapter 14. Portfolio Algorithms and Trade Schedule Optimization



Introduction



Trader's Dilemma



Transaction Cost Equations



Optimization Formulation



Portfolio Optimization Techniques



Portfolio Adaptation Tactics



Chapter 15. Advanced Algorithmic Modeling Techniques



Introduction



Trading Cost Equations



Trading Strategy



Trading Time



Trading Risk Components



Trading Cost Models—Reformulated



Timing Risk Equation



Comparison of Market Impact Estimates



Managing Portfolio Risk



Chapter 16. Decoding and Reverse Engineering Broker Models with Machine Learning Techniques



Introduction



Pre-Trade of Pre-Trades



Portfolio Optimization



Chapter 17. Portfolio Construction with Transaction Cost Analysis



Introduction



Portfolio Optimization and Constraints



Transaction Costs in Portfolio Optimization



Portfolio Management Process



Trading Decision Process



Unifying the Investment and Trading Theories



Cost-Adjusted Frontier



Determining the Appropriate Level of Risk Aversion



Best Execution Frontier



Portfolio Construction with Transaction Costs



Example



Conclusion



Chapter 18. Quantitative Analysis with TCA



Introduction



Are The Existing Models Useful Enough For Portfolio Construction?



Pretrade of Pretrades



How Expensive is it to Trade?



Backtesting Strategies



Market Impact Simulation



Multi-Asset Class Investing



Multi-Asset Trading Costs



Market Impact Factor Scores



Market Impact Factor Score Analysis



Alpha Capture Program



Chapter 19. Machine Learning and Trade Schedule Optimization



Introduction



Multiperiod Trade Schedule Optimization Problem



Nonlinear Optimization Convergence



Machine Learning



Machine Learning Training Experiment



Performance Results



Conclusions



Chapter 20. TCA Analysis Using MATLAB, Excel, and Python



Introduction



Transaction Cost Analysis Functions



Transaction Cost Model



MATLAB Functions



Excel and Python Functions



TCA Report Examples



Conclusion



Chapter 21. Transaction Cost Analysis (TCA) Library



Introduction



Transaction Cost Analysis Using the TCA Library





References



Index








Copyright

Academic Press is an imprint of Elsevier

125 London Wall, London EC2Y 5AS, United Kingdom

525 B Street, Suite 1650, San Diego, CA 92101, United States

50 Hampshire Street, 5th Floor, Cambridge, MA 02139, United States

The Boulevard, Langford Lane, Kidlington, Oxford OX5 1GB, United Kingdom

Copyright © 2021 Elsevier Inc. All rights reserved.

No part of this publication may be reproduced or transmitted in any form or by any means, electronic or mechanical, including photocopying, recording, or any information storage and retrieval system, without permission in writing from the publisher. Details on how to seek permission, further information about the Publisher’s permissions policies and our arrangements with organizations such as the Copyright Clearance Center and the Copyright Licensing Agency, can be found at our website: www.elsevier.com/permissions.

This book and the individual contributions contained in it are protected under copyright by the Publisher (other than as may be noted herein).





Notices


Knowledge and best practice in this field are constantly changing. As new research and experience broaden our understanding, changes in research methods, professional practices, or medical treatment may become necessary.

Practitioners and researchers must always rely on their own experience and knowledge in evaluating and using any information, methods, compounds, or experiments described herein. In using such information or methods they should be mindful of their own safety and the safety of others, including parties for whom they have a professional responsibility.

To the fullest extent of the law, neither the Publisher nor the authors, contributors, or editors, assume any liability for any injury and/or damage to persons or property as a matter of products liability, negligence or otherwise, or from any use or operation of any methods, products, instructions, or ideas contained in the material herein.






Library of Congress Cataloging-in-Publication Data


A catalog record for this book is available from the Library of Congress


British Library Cataloguing-in-Publication Data


A catalogue record for this book is available from the British Library

ISBN: 978-0-12-815630-8




For information on all Academic Press publications visit our website at https://www.elsevier.com/books-and-journals







Publisher: Joseph P. Hayton


Editorial Project Manager: Gabrielle Vincent


Production Project Manager: Paul Prasad Chandramohan


Cover Designer: Matthew Limbert

Typeset by TNQ Technologies


[image: image]








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:



	
• Insight into the new electronic trading environment.

	
• Overview of transaction cost analysis (TCA) and discussion of proper metrics for cost measurement and performance evaluation.

	
• 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.

	
• Proven market impact modeling and forecasting techniques.

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

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

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

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

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

	
• A TCA library that allows investors to perform transaction cost analysis and develop algorithmic trading models on their own desktop.


	



	
• 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 Einstein'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 1: Introduction


To say that electronic algorithmic trading has disrupted the financial environment 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 occasional fist-fight—into a system with electronic audit trails and trading facilitated 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 orders and confirmations. Today, all trading occurs electronically in data centers 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.
1
 The remaining 8% of the orders that are not executed via an algorithm 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 
(<0.1%) occurs through special situation sales and transactions. Otherwise, all trading in US markets occurs electronically.



[image: image]



Figure 1.1 Electronic and Algorithmic Trading. 

Source: Kissell Research Group.




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 hostile trading conditions, investors turned to the more advanced trading systems 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 system 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 
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 everything 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 instructions. 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 algorithms, profit seeking algorithms, and high frequency trading algorithms.



	
▪ Execution Algorithms: An execution algorithm is tasked to transact the investment decision made by the investor or portfolio manager. The manager 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.

	
▪ 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 determine what to buy or sell, and will then implement a trade when the conditions are favorable to the investor. Profit seeking algorithms seek to 
earn a profit based on a quantitative model, market mispricing, or a stat-arb strategy based on pairs, index funds, or ETFs.

	
▪ 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 exposes the fund to much increment risk. HFT algorithms are characterized by very high turnover rates and they seek to profit by exploiting market mispricing 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 algorithms, 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 algorithm will transact in the marketplace. To help managers differentiate algorithms, 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:



	
▪ 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.

	
▪ 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.

	
▪ 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 pertaining to the trading intentions of the fund.
















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, portfolio construction, implementation, and portfolio attribution.



	
▪ 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.

	
▪ Portfolio construction consists primarily of selecting the actual instruments to hold in each asset class.

	
▪ 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.

	
▪ Portfolio attribution is the process where fund managers evaluate portfolio 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 transition management. With the advent of algorithmic trading these tools are being 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 safeguard 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 
buying and/or selling pressure or executed too slow resulting in too much market risk from taking too long to complete the order.



[image: image]



Figure 1.2 Investment Cycle.



The goal of the fund manager during implementation of the investment decision 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 overvalued 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.






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 reconstitution 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. Managers 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.






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 balance 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 managers spend large amounts of time and resources evaluating companies to uncover superior investment opportunities and potential for long-term outperformance. As such, they research which companies are likely to outperform their peers and should be added to the portfolio and which companies are likely to underperform their peers and should be removed from their portfolio 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 uncovered 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 superior 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. Quantitative 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. Quantitative 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.






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 movement 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 determined 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 portfolio 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 investors 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 movements that will likely arise from the large amount of buying or selling pressure 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 
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:



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

	
▪ Short-Term. Short-term alpha refers to a strategy where the manager believes the asset will change price in the near-term. A short-term alpha trade can be triggered from a market mispricing where the manager believes 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.

	
▪ 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 information may lead the manager to reevaluate their expectation for future price returns and company growth potential.

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

	
▪ Corporate Action. A corporate action is any company event or news announcement that has a financial impact on the company. Corporate actions 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 arbitrage and event driven strategies.

	
▪ Mispricing. A manager may make a trade if they believe there is mispricing 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 
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 manager believes that they have uncovered information that is likely to be realized 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 objectives 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.



	
▪ 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 portfolio 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.


	



	
▪ Index Reconstitution. An index manager will rebalance their portfolio when there is a change to the underlying benchmark index. Index providers 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.

	
▪ 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.

	
▪ 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.

	
▪ Flight to Quality. Flight to quality refers to times when portfolio managers believe that the is an extremely high quantity of risk and uncertainty 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.

	
▪ Model Driven.
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