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Preface

By some estimates, quantitative or algorithmic trading now accounts for over one-third of the trading volume in the United States. There are, of course, innumerable books on the advanced mathematics and strategies utilized by institutional traders in this arena. However, can an independent, retail trader benefit from these algorithms? Can an individual with limited resources and computing power backtest and execute their strategies over thousands of stocks, and come to challenge the powerful industry participants in their own game?

I will show you how this can, in fact, be achieved.




WHO IS THIS BOOK FOR? 

I wrote this book with two types of readers in mind:1. Aspiring independent (“retail”) traders who are looking to start a quantitative trading business.
2. Students of finance or other technical disciplines (at the undergraduate or MBA level) who aspire to become quantitative traders and portfolio managers at major institutions.


 

Can these two very different groups of readers benefit from the same set of knowledge and skills? Is there anything common between managing a $100 million portfolio and managing a $100,000 portfolio? My contention is that it is much more logical and sensible for someone to become a profitable $100,000 trader before  becoming a profitable $100 million trader. This can be shown to be true on many fronts.

Many legendary quantitative hedge fund managers such as Dr. Edward Thorp of the former Princeton-Newport Partners (Poundstone, 2005) and Dr. Jim Simons of Renaissance Technologies Corp. (Lux, 2000) started their careers trading their own money. They did not begin as portfolio managers for investment banks and hedge funds before starting their own fund management business. Of course, there are also plenty of counterexamples, but clearly this is a possible route to riches as well as intellectual accomplishment, and for someone with an entrepreneurial bent, a preferred route.

Even if your goal is to become an institutional trader, it is still worthwhile to start your own trading business as a first step. Physicists and mathematicians are now swarming Wall Street. Few people on the Street are impressed by a mere PhD from a prestigious university anymore. What is the surest way to get through the door of the top banks and funds? To show that you have a systematic way to profits—in other words, a track record. Quite apart from serving as a stepping stone to a lucrative career in big institutions, having a profitable track record as an independent trader is an invaluable experience in itself. The experience forces you to focus on simple but profitable strategies, and not get sidetracked by overly theoretical or sophisticated theories. It also forces you to focus on the nitty-gritty of quantitative trading that you won’t learn from most books: things such as how to build an order entry system that doesn’t cost $10,000 of programming resource. Most importantly, it forces you to focus on risk management—after all, your own personal bankruptcy is a possibility here. Finally, having been an institutional as well as a retail quantitative trader and strategist at different times, I only wish that I had read a similar book before I started my career at a bank—I would have achieved profitability many years sooner.

Given these preambles, I won’t make any further apologies in the rest of the book in focusing on the entrepreneurial, independent traders and how they can build a quantitative trading business on their own, while hoping that many of the lessons would be useful on their way to institutional money management as well.




WHAT KIND OF BACKGROUND DO YOU NEED? 

Despite the scary-sounding title, you don’t need to be a math or computer whiz in order to use this book as a guide to start trading quantitatively. Yes, you do need to possess some basic knowledge of statistics, such as how to calculate averages, standard deviations, or how to fit a straight line through a set of data points. Yes, you also need to have some basic familiarity with Excel. But what you don’t need is any advanced knowledge of stochastic calculus, neural networks, or other impressive-sounding techniques.

Though it is true that you can make millions with nothing more than Excel, it is also true that there is another tool that, if you are proficient at it, will enable you to backtest trading strategies much more efficiently, and may also allow you to retrieve and process data much more easily than you otherwise can. This tool is called MATLAB®, and it is a mathematical platform that many institutional quantitative strategists and portfolio managers use. Therefore, I will demonstrate how to backtest the majority of strategies using MATLAB. In fact, I have included a brief tutorial in the appendix on how to do some basic programming in MATLAB. For many retail traders, MATLAB is too expensive to purchase, but there are cheaper alternatives, which I will mention in Chapter 3 on backtesting. Furthermore, many university students can either purchase a cheaper student MATLAB license or they already have free access to it through their schools.




WHAT WILL YOU FIND IN THIS BOOK? 

This book is definitely not designed as an encyclopedia of quantitative trading techniques or terminologies. It will not even be about specific profitable strategies (although you can refine the few example strategies embedded here to make them quite profitable.) Instead, this is a book that teaches you how to find a profitable strategy yourself. It teaches you the characteristics of a good strategy, how to refine and backtest a strategy to ensure that it has good historical performance, and, more importantly, to ensure that it will remain  profitable in the future. It teaches you a systematic way to scale up or wind down your strategies depending on their real-life profitability. It teaches you some of the nuts and bolts of implementing an automated execution system in your own home. Finally, it teaches you some basics of risk management, which is critical if you want to survive over the long term, and also some psychological pitfalls to avoid if you want an enjoyable (and not just profitable) life as a trader.

Even though the basic techniques for finding a good strategy should work for any tradable securities, I have focused my examples on an area of trading I personally know best: statistical arbitrage trading in stocks. While I discuss sources of historical data on stocks, futures, and foreign currencies in the chapter on backtesting, I did not include options because those are not in my area of expertise.

The book is organized roughly in the order of the steps that traders need to undertake to set up their quantitative trading business. These steps begin at finding a viable trading strategy (Chapter 2), then backtesting the strategy to ensure that it at least has good historical performance (Chapter 3), setting up the business and technological infrastructure (Chapter 4), building an automated trading system to execute your strategy (Chapter 5), and managing the money and risks involved in holding positions generated by this strategy (Chapter 6). I will then describe in Chapter 7 a number of important advanced concepts with which most professional quantitative traders are familiar, and finally conclude in Chapter 8 with reflections on how independent traders can find their niche and how they can grow their business. I have also included an appendix that contains a tutorial on using MATLAB.

You’ll see two different types of boxed material in this book:

• Sidebars containing an elaboration or illustration of a concept, and


• Examples, accompanied by MATLAB or Excel code.


For readers who want to learn more and keep up to date with the latest news, ideas, and trends in quantitative trading, they are welcome to visit my blog epchan.blogspot.com, where I will do my best to answer their questions, as well as my premium content web site epchan.com/subscriptions. My premium content web site contains articles of a more advanced nature, as well as backtest results of several profitable strategies. Readers of this book will have free access to the premium content and will find the password in a later chapter to enter that web site.

 

—ERNEST P. CHAN  
Toronto, Ontario  
August 2008
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CHAPTER 1

The Whats, Whos, and Whys of Quantitative Trading

If you are curious enough to pick up this book, you probably have already heard of quantitative trading. But even for readers who learned about this kind of trading from the mainstream media before, it is worth clearing up some common misconceptions.

Quantitative trading, also known as algorithmic trading, is the trading of securities based strictly on the buy/sell decisions of computer algorithms. The computer algorithms are designed and perhaps programmed by the traders themselves, based on the historical performance of the encoded strategy tested against historical financial data.

Is quantitative trading just a fancy name for technical analysis, then? Granted, a strategy based on technical analysis can be part of a quantitative trading system if it can be fully encoded as computer programs. However, not all technical analysis can be regarded as quantitative trading. For example, certain chartist techniques such as “look for the formation of a head and shoulders pattern” might not be included in a quantitative trader’s arsenal because they are quite subjective and may not be quantifiable.

Yet quantitative trading includes more than just technical analysis. Many quantitative trading systems incorporate fundamental data in their inputs: numbers such as revenue, cash flow, debt-to-equity ratio, and others. After all, fundamental data are nothing but  numbers, and computers can certainly crunch any numbers that are fed into them! When it comes to judging the current financial performance of a company compared to its peers or compared to its historical performance, the computer is often just as good as human financial analysts—and the computer can watch thousands of such companies all at once. Some advanced quantitative systems can even incorporate news events as inputs: Nowadays, it is possible to use a computer to parse and understand the news report. (After all, I used to be a researcher in this very field at IBM, working on computer systems that can understand approximately what a document is about.)

So you get the picture: As long as you can convert information into bits and bytes that the computer can understand, it can be regarded as part of quantitative trading.




WHO CAN BECOME A QUANTITATIVE TRADER? 

It is true that most institutional quantitative traders received their advanced degrees as physicists, mathematicians, engineers, or computer scientists. This kind of training in the hard sciences is often necessary when you want to analyze or trade complex derivative instruments. But those instruments are not the focus in this book. There is no law stating that one can become wealthy only by working with complicated financial instruments. (In fact, one can become quite poor trading complex mortgage-backed securities, as the financial crisis of 2007-08 and the demise of Bear Stearns have shown.) The kind of quantitative trading I focus on is called statistical arbitrage trading. Statistical arbitrage deals with the simplest financial instruments: stocks, futures, and sometimes currencies. One does not need an advanced degree to become a statistical arbitrage trader. If you have taken a few high school-level courses in math, statistics, computer programming, or economics, you are probably as qualified as anyone to tackle some of the basic statistical arbitrage strategies.

Okay, you say, you don’t need an advanced degree, but surely it gives you an edge in statistical arbitrage trading? Not necessarily. I received a PhD from one of the top physics departments of the world (Cornell’s). I worked as a successful researcher in one of the top computer science research groups in the world (at that temple of high-techdom: IBM’s T. J. Watson Research Center). Then I worked in a string of top investment banks and hedge funds as a researcher and finally trader, including Morgan Stanley, Credit Suisse, and so on. As a researcher and trader in these august institutions, I had always strived to use some of the advanced mathematical techniques and training that I possessed and applied them to statistical arbitrage trading. Hundreds of millions of dollars of trades later, what was the result? Losses, more losses, and losses as far as the eye can see, for my employers and their investors. Finally, I quit the financial industry in frustration, set up a spare bedroom in my home as my trading office, and started to trade the simplest but still quantitative strategies I know. These are strategies that any smart high school student can easily research and execute. For the first time in my life, my trading strategies became profitable (one of which is described in Example 3.6), and has been the case ever since. The lesson I learned? As Einstein said: “Make everything as simple as possible.” But not simpler.

(Stay tuned: I will detail more reasons why independent traders can beat institutional money managers at their own game in Chapter 8.)

Though I became a quantitative trader through a fairly traditional path, many others didn’t. Who are the typical independent quantitative traders? Among people I know, they include a former trader at a hedge fund that has gone out of business, a computer programmer who used to work for a brokerage, a former trader at one of the exchanges, a former investment banker, a former biochemist, and an architect. Some of them have received advanced technical training, but others have only basic familiarity of high school-level statistics. Most of them backtest their strategies using basic tools like Excel, though others may hire programming contractors to help. Most of them have at some point in their career been professionally involved with the financial world but have now decided that being  independent suits their needs better. As far as I know, most of them are doing quite well on their own, while enjoying the enormous freedom that independence brings.

Besides having gained some knowledge of finance through their former jobs, the fact that these traders have saved up a nest egg for their independent venture is obviously important too. When one plunges into independent trading, fear of losses and of being isolated from the rest of the world is natural, and so it helps to have both a prior appreciation of risks and some savings to lean on. It is important not to have a need for immediate profits to sustain your daily living, as strategies have intrinsic rates of returns that cannot be hurried (see Chapter 6).

Instead of fear, some of you are planning to trade because of the love of thrill and danger, or an incredible self-confidence that instant wealth is imminent. This is also a dangerous emotion to bring to independent quantitative trading. As I hope to persuade you in this chapter and in the rest of the book, instant wealth is not the objective of quantitative trading.

The ideal independent quantitative trader is therefore someone who has some prior experience with finance or computer programming, who has enough savings to withstand the inevitable losses and periods without income, and whose emotion has found the right balance between fear and greed.




THE BUSINESS CASE FOR QUANTITATIVE TRADING 

A lot of us are in the business of quantitative trading because it is exciting, intellectually stimulating, financially rewarding, or perhaps it is the only thing we are good at doing. But for others who may have alternative skills and opportunities, it is worth pondering whether quantitative trading is the best business for you.

Despite all the talk about untold hedge fund riches and dollars that are measured in units of billions, in many ways starting a quantitative trading business is very similar to starting any small business. We need to start small, with limited investment (perhaps  only a $50,000 initial investment), and gradually scale up the business as we gain know-how and become profitable.

In other ways, however, a quantitative trading business is very different from other small businesses. Here are some of the most important.


Scalability 

Compared to most small businesses (other than certain dot-coms), quantitative trading is very scalable (up to a point). It is easy to find yourselves trading millions of dollars in the comfort of your own home, as long as your strategy is consistently profitable. This is because scaling up often just means changing a number in your program. This number is called leverage. You do not need to negotiate with a banker or a venture capitalist to borrow more capital for your business. The brokerages stand ready and willing to do that. If you are a member of a proprietary trading firm (more on this later in Chapter 4 on setting up a business), you may even be able to obtain a leverage far exceeding that allowed by Securities and Exchange Commission (SEC) Regulation T. It is not unheard of for a proprietary trading firm to let you trade a portfolio worth $2 million intraday even if you have only $50,000 equity in your account (a ×40 leverage). At the same time, quantitative trading is definitely not a get-rich-quick scheme. You should hope to have steadily increasing profits, but most likely it won’t be 200 percent a year, unlike starting a dot-com or a software firm. In fact, as I will explain in Chapter 6 on money and risk management, it is dangerous to overleverage in pursuit of overnight riches.


Demand on Time 

Running most small businesses takes a lot of your time, at least initially. Quantitative trading takes relatively little of your time. By its very nature, quantitative trading is a highly automated business. Sometimes, the more you manually interfere with the system and override its decision, the worse it will perform. (Again, more on this in Chapter 6.)

How much time you need to spend on day-to-day quantitative trading depends very much on the degree of automation you have achieved. For example, at a hedge fund I used to work for, some colleagues come into the office only once a month. The rest of the time, they just sit at home and occasionally remotely monitor their office computers, which are trading for them.

I consider myself to be in the middle of the pack in terms of automation. The largest block of time I need to spend is in the morning before the market opens: I typically need to run various programs to download and process the latest historical data, read company news that comes up on my alert screen, run programs to generate the orders for the day, and then launch a few baskets of orders before the market opens and start a program that will launch orders automatically throughout the day. I would also update my spreadsheet to record the previous day’s profit and loss (P&L) of the different strategies I run based on the brokerages’ statements. All of this takes about two hours.

After that, I spend another half hour near the market close to direct the programs to exit various positions, manually checking that those exit orders are correctly transmitted, and closing down various automated programs properly.

In between market open and close, everything is supposed to be on autopilot. Alas, the spirit is willing but the flesh is weak: I often cannot resist the urge to take a look (sometimes many looks) at the intraday P&L of the various strategies on my trading screens. In extreme situations, I might even be transfixed by the huge swings in P&L and be tempted to intervene by manually exiting positions. Fortunately, I have learned to better resist the temptation as time goes on.

The urge to intervene manually is also strong when I have too much time on my hands. Hence, instead of just staring at your trading screen, it is actually important to engage yourself in some other, more healthful and enjoyable activities, such as going to the gym during the trading day.

When I said quantitative trading takes little of your time, I am referring to the operational side of the business. If you want to grow your business, or keep your current profits from declining due to  increasing competition, you will need to spend time doing research and backtesting on new strategies. But research and development of new strategies is the creative part of any business, and it can be done whenever you want to. So, between the market’s open and close, I do my research; answer e-mails; chat with other traders, collaborators, or clients; go to the gym; and so on. I do some of that work in the evening and on weekends, too, but only when I feel like it—not because I am obligated to.

When I generate more earnings, I will devote more software development resources to further automate my process, so that the programs can automatically start themselves up at the right time, know how to download data automatically, maybe even know how to interpret the news items that come across the newswire and take appropriate actions, and shut themselves down automatically after the market closes. When that day comes, the daily operation may take no time at all, and it can run as it normally does even while I am on vacation, as long as it can alert my mobile phone or a technical support service when something goes wrong. In short, if you treasure your leisure time or if you need time and financial resources to explore other businesses, quantitative trading is the business for you.


The Nonnecessity of Marketing 

Here is the biggest and most obvious difference between quantitative trading and other small businesses. Marketing is crucial to most small businesses—after all, you generate your revenue from other people, who base their purchase decisions on things other than price alone. In trading, your counterparties in the financial marketplace base their purchase decisions on nothing but the price. Unless you are managing money for other people (which is beyond the scope of this book), there is absolutely no marketing to do in a quantitative trading business. This may seem obvious and trivial but is actually an important difference, since the business of quantitative trading allows you to focus exclusively on your product (the strategy and the software), and not on anything that has to do with influencing other people’s perception of yourself. To many people, this may  be the ultimate beauty of starting your own quantitative trading business.




THE WAY FORWARD 

If you are convinced that you want to become a quantitative trader, a number of questions immediately follow: How do you find the right strategy to trade? How do you recognize a good versus a bad strategy even before devoting any time to backtesting them? How do you rigorously backtest them? If the backtest performance is good, what steps do you need to take to implement the strategy, in terms of both the business structure and the technological infrastructure? If the strategy is profitable in initial real-life trading, how does one scale up the capital to make it into a growing income stream while managing the inevitable (but, hopefully, only occasional) losses that come with trading? These nuts and bolts of quantitative trading will be tackled in Chapters 2 through 6.

Though the list of processes to go through in order to get to the final destination of sustained and growing profitability may seem long and daunting, in reality it may be faster and easier than many other businesses. When I first started as an independent trader, it took me only three months to find and backtest my first new strategy, set up a new brokerage account with $100,000 capital, implement the execution system, and start trading the strategy. The strategy immediately became profitable in the first month. Back in the dot-com era, I started an Internet software firm. It took about 3 times more investment, 5 times more human-power, and 24 times longer to find out that the business model didn’t work, whereupon all investors including myself lost 100 percent of their investments. Compared to that experience, it really has been a breeze trading quantitatively and profitably.




CHAPTER 2

Fishing for Ideas

Where Can We Find  
Good Strategies?

 

 

 

 

 

This is the surprise: Finding a trading idea is actually not the hardest part of building a quantitative trading business. There are hundreds, if not thousands, of trading ideas that are in the public sphere at any time, accessible to anyone at little or no cost. Many authors of these trading ideas will tell you their complete methodologies in addition to their backtest results. There are finance and investment books, newspapers and magazines, mainstream media web sites, academic papers available online or in the nearest public library, trader forums, blogs, and on and on. Some of the ones I find valuable are listed in Table 2.1, but this is just a small fraction of what is available out there.

In the past, because of my own academic bent, I regularly perused the various preprints published by business school professors or downloaded the latest online finance journal articles to scan for good prospective strategies. In fact, the first strategy I traded when I became independent was based on such academic research. (It was a version of the PEAD strategy referenced in Chapter 7.) Increasingly, however, I have found that many strategies described by academics are either too complicated, out of date (perhaps the once-profitable strategies have already lost their power due to competition), or require expensive data to backtest (such as historical fundamental data). Furthermore, many of these academic TABLE 2.1 Sources of Trading Ideas
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strategies work only on small-cap stocks, whose illiquidity may render actual trading profits far less impressive than their backtests would suggest.

This is not to say that you will not find some gems if you are persistent enough, but I have found that many traders’ forums or blogs may suggest simpler strategies that are equally profitable. You might be skeptical that people would actually post truly profitable strategies in the public space for all to see. After all, doesn’t this disclosure increase the competition and decrease the profitability of the strategy? And you would be right: Most ready-made strategies that you may find in these places actually do not withstand careful  backtesting. Just like the academic studies, the strategies from traders’ forums may have worked only for a little while, or they work for only a certain class of stocks, or they work only if you don’t factor in transaction costs. However, the trick is that you can often modify the basic strategy and make it profitable. (Many of these caveats as well as a few common variations on a basic strategy will be examined in detail in Chapter 3.)

For example, someone once suggested a strategy to me that was described in Wealth-Lab (see Table 2.1), where it was claimed that it had a high Sharpe ratio. When I backtested the strategy, it turned out not to work as well as advertised. I then tried a few simple modifications, such as decreasing the holding period and entering and exiting at different times than suggested, and was able to turn this strategy into one of my main profit centers. If you are diligent and creative enough to try the multiple variations of a basic strategy, chances are you will find one of those variations that is highly profitable.

When I left the institutional money management industry to trade on my own, I worried that I would be cut off from the flow of trading ideas from my colleagues and mentors. But then I found out that one of the best ways to gather and share trading ideas is to start your own trading blog—for every trading “secret” that you divulge to the world, you will be rewarded with multiple ones from your readers. (The person who suggested the Wealth-Lab strategy to me was a reader who works 12 time zones away. If it weren’t for my blog, there was little chance that I would have met him and benefited from his suggestion.) In fact, what you thought of as secrets are more often than not well-known ideas to many others! What truly make a strategy proprietary and its secrets worth protecting are the tricks and variations that you have come up with, not the plain vanilla version.

Furthermore, your bad ideas will quickly get shot down by your online commentators, thus potentially saving you from major losses. After I glowingly described a seasonal stock-trading strategy on my blog that was developed by some finance professors, a reader promptly went ahead and backtested that strategy and reported that it didn’t work. (See my blog entry, “Seasonal Trades in Stocks,” at epchan.blogspot.com/2007/11/seasonal-trades-in-stocks.html and  the reader’s comment therein. This strategy is described in more detail in Example 7.6.) Of course, I would not have traded this strategy without backtesting it on my own anyway, and indeed, my subsequent backtest confirmed his findings. But the fact that my reader found significant flaws with the strategy is important confirmation that my own backtest is not erroneous.

All in all, I have found that it is actually easier to gather and exchange trading ideas as an independent trader than when I was working in the secretive hedge fund world in New York. (When I worked at Millennium Partners—a multibillion-dollar hedge fund on Fifth Avenue—one trader ripped a published paper out of the hands of his programmer, who happened to have picked it up from the trader’s desk. He was afraid the programmer might learn his “secrets.”) That may be because people are less wary of letting you know their secrets when they think you won’t be obliterating their profits by allocating $100 million to that strategy.

No, the difficulty is not the lack of ideas. The difficulty is to develop a taste for which strategy is suitable for your personal circumstances and goals, and which ones look viable even before you devote the time to diligently backtest them. This taste for prospective strategies is what I will try to convey in this chapter.




HOW TO IDENTIFY A STRATEGY THAT SUITS YOU 

Whether a strategy is viable often does not have anything to do with the strategy itself—it has to do with you. Here are some considerations.


Your Working Hours 

Do you trade only part time? If so, you would probably want to consider only strategies that hold overnight and not the intraday strategies. Otherwise, you may have to fully automate your strategies (see Chapter 5 on execution) so that they can run on autopilot most of the time and alert you only when problems occur.

When I was working full time for others and trading part time for myself, I traded a simple strategy in my personal account that required entering or adjusting limit orders on a few exchange-traded funds (ETFs) once a day, before the market opened. Then, when I first became independent, my level of automation was still relatively low, so I considered only strategies that require entering orders once before the market opens and once before the close. Later on, I added a program that can automatically scan real-time market data and transmit orders to my brokerage account throughout the trading day when certain conditions are met. So trading remains a “part-time” pursuit for me, which is partly why I want to trade quantitatively in the first place.


Your Programming Skills 

Are you good at programming? If you know some programming languages such as Visual Basic or even Java, C#, or C++, you can explore high-frequency strategies, and you can also trade a large number of securities. Otherwise, settle for strategies that trade only once a day, or trade just a few stocks, futures, or currencies. (This constraint may be overcome if you don’t mind the expense of hiring a software contractor. Again, see Chapter 5 for more details.)


Your Trading Capital 

Do you have a lot of capital for trading as well as expenditure on infrastructure and operation? In general, I would not recommend quantitative trading for an account with less than $50,000 capital. Let’s say the dividing line between a high- versus low-capital account is $100,000. Capital availability affects many choices; the first is whether you should open a retail brokerage account or a proprietary trading account (more on this in Chapter 4 on setting up your business). For now, I will consider this constraint with strategy choices in mind.

With a low-capital account, we need to find strategies that can utilize the maximum leverage available. (Of course, getting a higher leverage is beneficial only if you have a consistently profitable  strategy.) Trading futures, currencies, and options can offer you higher leverage than stocks; intraday positions allow a Regulation T leverage of 4, while interday (overnight) positions allow only a leverage of 2, requiring double the amount of capital for a portfolio of the same size. Finally, capital (or leverage) availability determines whether you should focus on directional trades (long or short only) or dollar-neutral trades (hedged or pair trades). A dollar-neutral portfolio (meaning the market value of the long positions equals the market value of the short positions) or market-neutral portfolio (meaning the beta of the portfolio with respect to a market index is close to zero, where beta measures the ratio between the expected returns of the portfolio and the expected returns of the market index) require twice the capital or leverage of a long- or short-only portfolio. So even though a hedged position is less risky than an unhedged position, the returns generated are correspondingly smaller and may not meet your personal requirements.

Capital availability also imposes a number of indirect constraints. It affects how much you can spend on various infrastructure, data, and software. For example, if you have low trading capital, your online brokerage will not be likely to supply you with real-time market data for too many stocks, so you can’t really have a strategy that requires real-time market data over a large universe of stocks. (You can, of course, subscribe to a third-party market data vendor, but then the extra cost may not be justifiable if your trading capital is low.) Similarly, clean historical stock data with high frequency costs more than historical daily stock data, so a high-frequency stock-trading strategy may not be feasible with small capital expenditure. For historical stock data, there is another quality that may be even more important than their frequencies: whether the data are free of survivorship bias. I will define survivorship bias in the following section. Here, we just need to know that historical stock data without survivorship bias are much more expensive than those that have such a bias. Yet if your data have survivorship bias, the backtest result can be unreliable.

The same consideration applies to news—whether you can afford a high-coverage, real-time news source such as Bloomberg determines whether a news-driven strategy is a viable one. Same for  fundamental (i.e., companies’ financial) data—whether you can afford a good historical database with fundamental data on companies determines whether you can build a strategy that relies on such data.

Table 2.2 lists how capital (whether for trading or expenditure) constraint can influence your many choices.

This table is, of course, not a set of hard-and-fast rules, just some issues to consider. For example, if you have low capital but opened an account at a proprietary trading firm, then you will be free of many of the considerations above (though not expenditure on infrastructure). I started my life as an independent quantitative trader with $100,000 at a retail brokerage account (I chose Interactive Brokers), and I traded only directional, intraday stock strategies at first. But when I developed a strategy that sometimes requires much more leverage in order to be profitable, I signed up as a member of a proprietary trading firm as well. (Yes, you can have both, or more, accounts simultaneously. In fact, there are good reasons to do so if only for the sake of comparing their execution speeds and access to liquidity. See “Choosing a Brokerage or Proprietary Trading Firm” in Chapter 4.)

Despite my frequent admonitions here and elsewhere to beware of historical data with survivorship bias, when I first started I downloaded only the split-and-dividend-adjusted Yahoo! Finance dataTABLE 2.2 How Capital Availability Affects Your Many Choices
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using the download program from HQuotes.com (more on the different databases and tools in Chapter 3). This database is not survivorship bias-free—but more than two years later, I am still using it for most of my backtesting! In fact, a trader I know, who each day trades more than 10 times my account size, typically uses such biased data for his backtesting, and yet his strategies are still profitable. How can this be possible? Probably because these are intraday strategies. It seems that the only people I know who are willing and able to afford survivorship bias-free data are those who work in money management firms trading tens of millions of dollars or more (that includes my former self). So, you see, as long as you are aware of the limitations of your tools and data, you can cut many corners and still succeed.

Though futures afford you high leverage, some futures contracts have such a large size that it would still be impossible for a small account to trade. For instance, though the platinum future contract on the New York Mercantile Exchange (NYMEX) has a margin requirement of only $8,100, its nominal value is currently about $100,000. Furthermore, its volatility is such that a 6 percent daily move is not too rare, which translates to a $6,000 daily profit-and-loss (P&L) swing in your account due to just this one contract. (Believe me, I used to have a few of these contracts in my account, and it is a sickening feeling when they move against you.) In contrast, ES, the E-mini S&P 500 future on the Chicago Mercantile Exchange (CME, soon to be merged with NYMEX), has a nominal value of about $67,500, and a 6 percent or larger daily move happened only twice in the last 15 years. That’s why its margin requirement is $4,500, only 55 percent that of the platinum contract.


Your Goal 

Most people who choose to become traders want to earn a steady (hopefully increasing) monthly, or at least quarterly, income. But you may be independently wealthy, and long-term capital gain is all that matters to you. The strategies to pursue for short-term income versus long-term capital gain are distinguished mainly by their holding periods. Obviously, if you hold a stock for an average of one  year, you won’t be generating much monthly income (unless you started trading a while ago and have launched a new subportfolio every month, which you proceed to hold for a year—that is, you stagger your portfolios.) More subtly, even if your strategy holds a stock only for a month on average, your month-to-month profit fluctuation is likely to be fairly large (unless you hold hundreds of different stocks in your portfolio, which can be a result of staggering your portfolios), and therefore you cannot count on generating income on a monthly basis. This relationship between holding period (or, conversely, the trading frequency) and consistency of returns (that is, the Sharpe ratio or, conversely, the drawdown) will be discussed further in the following section. The upshot here is that the more regularly you want to realize profits and generate income, the shorter your holding period should be.

There is a misconception aired by some investment advisers, though, that if your goal is to achieve maximum long-term capital growth, then the best strategy is a buy-and-hold one. This notion has been shown to be mathematically false. In reality, maximum long-term growth is achieved by finding a strategy with the maximum Sharpe ratio (defined in the next section), provided that you have access to sufficiently high leverage. Therefore, comparing a short-term strategy with a very short holding period, small annual return, but very high Sharpe ratio, to a long-term strategy with a long holding period, high annual return, but lower Sharpe ratio, it is still preferable to choose the short-term strategy even if your goal is long-term growth, barring tax considerations and the limitation on your margin borrowing (more on this surprising fact later in Chapter 6 on money and risk management).




A TASTE FOR PLAUSIBLE STRATEGIES AND THEIR PITFALLS 

Now, let’s suppose that you have read about several potential strategies that fit your personal requirements. Presumably, someone else has done backtests on these strategies and reported that they have great historical returns. Before proceeding to devote your time to  performing a comprehensive backtest on this strategy (not to mention devoting your capital to actually trading this strategy), there are a number of quick checks you can do to make sure you won’t be wasting your time or money.


How Does It Compare with a Benchmark and How Consistent Are Its Returns? 

This point seems obvious when the strategy in question is a stock-trading strategy that buys (but not shorts) stocks. Everybody seems to know that if a long-only strategy returns 10 percent a year, it is not too fantastic because investing in an index fund will generate as much, if not better, return on average. However, if the strategy is a long-short dollar-neutral strategy (i.e., the portfolio holds long and short positions with equal capital), then 10 percent is quite a good return, because then the benchmark of comparison is not the market index, but a riskless asset such as the yield of the three-month U.S. Treasury bill (which at the time of this writing is about 4 percent).

Another issue to consider is the consistency of the returns generated by a strategy. Though a strategy may have the same average return as the benchmark, perhaps it delivered positive returns every month while the benchmark occasionally suffered some very bad months. In this case, we would still deem the strategy superior. This leads us to consider the information ratio or Sharpe ratio (Sharpe, 1994), rather than returns, as the proper performance measurement of a quantitative trading strategy.

Information ratio is the measure to use when you want to assess a long-only strategy. It is defined as
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where
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Now the benchmark is usually the market index to which the securities you are trading belong. For example, if you trade only  small-cap stocks, the market index should be the Standard & Poor’s small-cap index or the Russell 2000 index, rather than the S&P 500. If you are trading just gold futures, then the market index should be gold spot price, rather than a stock index.

The Sharpe ratio is actually a special case of the information ratio, suitable when we have a dollar-neutral strategy, so that the benchmark to use is always the risk-free rate. In practice, most traders use the Sharpe ratio even when they are trading a directional (long or short only) strategy, simply because it facilitates comparison across different strategies. Everyone agrees on what the risk-free rate is, but each trader can use a different market index to come up with their own favorite information ratio, rendering comparison difficult.

(Actually, there are some subtleties in calculating the Sharpe ratio related to whether and how to subtract the risk-free rate, how to annualize your Sharpe ratio for ease of comparison, and so on. I will cover these subtleties in the next chapter, which will also contain an example on how to compute the Sharpe ratio for a dollar-neutral and a long-only strategy.)

If the Sharpe ratio is such a nice performance measure across different strategies, you may wonder why it is not quoted more often instead of returns. In fact, when a colleague and I went to SAC Capital Advisors (assets under management: $14 billion) to pitch a strategy, their then head of risk management said to us: “Well, a high Sharpe ratio is certainly nice, but if you can get a higher return instead, we can all go buy bigger houses with our bonuses!” This reasoning is quite wrong: A higher Sharpe ratio will actually allow you to make more profits in the end, since it allows you to trade at a higher leverage. It is the leveraged return that matters in the end, not the nominal return of a trading strategy. For more on this, see Chapter 6 on money and risk management.

(And no, our pitching to SAC was not successful, but for reasons quite unrelated to the returns of the strategy. In any case, at that time neither my colleague nor I were familiar enough with the mathematical connection between the Sharpe ratio and leveraged returns to make a proper counterargument to that head of risk management.)

Now that you know what a Sharpe ratio is, you may want to find out what kind of Sharpe ratio your candidate strategies have. Often, they are not reported by the authors of that strategy, and you will have to e-mail them in private for this detail. And often, they will oblige, especially if the authors are finance professors; but if they refuse, you have no choice but to perform the backtest yourself. Sometimes, however, you can still make an educated guess based on the flimsiest of information:• If a strategy trades only a few times a year, chances are its Sharpe ratio won’t be high. This does not prevent it from being part of your multistrategy trading business, but it does disqualify the strategy from being your main profit center.
• If a strategy has deep (e.g., more than 10 percent) or lengthy (e.g., four or more months) drawdowns, it is unlikely that it will have a high Sharpe ratio. I will explain the concept of drawdown in the next section, but you can just visually inspect the equity curve (which is also the cumulative profit-and-loss curve, assuming no redemption or cash infusion) to see if it is very bumpy or not. Any peak-to-trough of that curve is a drawdown. (See  Figure 2.1 for an example.)


FIGURE 2.1 Drawdown, Maximum Drawdown, and Maximum Drawdown Duration
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As a rule of thumb, any strategy that has a Sharpe ratio of less than 1 is not suitable as a stand-alone strategy. For a strategy that achieves profitability almost every month, its (annualized) Sharpe ratio is typically greater than 2. For a strategy that is profitable almost every day, its Sharpe ratio is usually greater than 3. I will show you how to calculate Sharpe ratios for various strategies in Examples 3.4, 3.6, and 3.7 in the next chapter.


How Deep and Long Is the Drawdown? 

A strategy suffers a drawdown whenever it has lost money recently. A drawdown at a given time t is defined as the difference between the current equity value (assuming no redemption or cash infusion) of the portfolio and the global maximum of the equity curve occurring on or before time t. The maximum drawdown is the difference between the global maximum of the equity curve with the global minimum of the curve after the occurrence of the global maximum (time order matters here: The global minimum must occur later than the global maximum). The global maximum is called the “high watermark.” The maximum drawdown duration is the longest it has taken for the equity curve to recover losses.

More often, drawdowns are measured in percentage terms, with the denominator being the equity at the high watermark, and the numerator being the loss of equity since reaching the high watermark.

Figure 2.1 illustrates a typical drawdown, the maximum drawdown, and the maximum drawdown duration of an equity curve. I will include a tutorial in Example 3.5 on how to compute these quantities from a table of daily profits and losses using either Excel or MATLAB. One thing to keep in mind: The maximum drawdown and the maximum drawdown duration do not typically overlap over the same period.

Defined mathematically, drawdown seems abstract and remote. However, in real life there is nothing more gut-wrenching and emotionally disturbing to suffer than a drawdown if you’re a trader. (This is as true for independent traders as for institutional ones. When an institutional trading group is suffering a drawdown, everybody seems to feel that life has lost meaning and spend their days  dreading the eventual shutdown of the strategy or maybe even the group as a whole.) It is therefore something we would want to minimize. You have to ask yourself, realistically, how deep and how long a drawdown will you be able to tolerate and not liquidate your portfolio and shut down your strategy? Would it be 20 percent and three months, or 10 percent and one month? Comparing your tolerance with the numbers obtained from the backtest of a candidate strategy determines whether that strategy is for you.

Even if the author of the strategy you read about did not publish the precise numbers for drawdowns, you should still be able to make an estimate from a graph of its equity curve. For example, in  Figure 2.1, you can see that the longest drawdown goes from around February 2001 to around October 2002. So the maximum drawdown duration is about 20 months. Also, at the beginning of the maximum drawdown, the equity was about $2.3 × 104, and at the end, about $0.5 × 104. So the maximum drawdown is about $1.8 × 104.


How Will Transaction Costs Affect the Strategy? 

Every time a strategy buys and sells a security, it incurs a transaction cost. The more frequent it trades, the larger the impact of transaction costs will be on the profitability of the strategy. These transaction costs are not just due to commission fees charged by the broker. There will also be the cost of liquidity—when you buy and sell securities at their market prices, you are paying the bid-ask spread. If you buy and sell securities using limit orders, however, you avoid the liquidity costs but incur opportunity costs. This is because your limit orders may not be executed, and therefore you may miss out on the potential profits of your trade. Also, when you buy or sell a large chunk of securities, you will not be able to complete the transaction without impacting the prices at which this transaction is done. (Sometimes just displaying a bid to buy a large number of shares for a stock can move the prices higher without your having bought a single share yet!) This effect on the market prices due to your own order is called market impact, and it can contribute to a large part of the total transaction cost when the security is not very liquid.

Finally, there can be a delay between the time your program transmits an order to your brokerage and the time it is executed at the exchange, due to delays on the Internet or various software-related issues. This delay can cause a “slippage,” the difference between the price that triggers the order and the execution price. Of course, this slippage can be of either sign, but on average it will be a cost rather than a gain to the trader. (If you find that it is a gain on average, you should change your program to deliberately delay the transmission of the order by a few seconds!)

Transaction costs vary widely for different kinds of securities. You can typically estimate it by taking half the average bid-ask spread of a security and then adding the commission if your order size is not much bigger than the average sizes of the best bid and offer. If you are trading S&P 500 stocks, for example, the average transaction cost (excluding commissions, which depend on your brokerage) would be about 5 basis points (that is, five-hundredths of a percent). Note that I count a round-trip transaction of a buy and then a sell as two transactions—hence, a round trip will cost 10 basis points in this example. If you are trading ES, the E-mini S&P 500 futures, the transaction cost will be about 1 basis point. Sometimes the authors whose strategies you read about will disclose that they have included transaction costs in their backtest performance, but more often they will not. If they haven’t, then you just to have to assume that the results are before transactions, and apply your own judgment to its validity.

As an example of the impact of transaction costs on a strategy, consider this simple mean-reverting strategy on ES. It is based on Bollinger bands: that is, every time the price exceeds plus or minus 2 moving standard deviations of its moving average, short or buy, respectively. Exit the position when the price reverts back to within 1 moving standard deviation of the moving average. If you allow yourself to enter and exit every five minutes, you will find that the Sharpe ratio is about 3 without transaction costs—very excellent indeed! Unfortunately, the Sharpe ratio is reduced to -3 if we subtract 1 basis point as transaction costs, making it a very unprofitable strategy.

For another example of the impact of transaction costs, see Example 3.7.


Does the Data Suffer from Survivorship Bias? 

A historical database of stock prices that does not include stocks that have disappeared due to bankruptcies, delistings, mergers, or acquisitions suffer from the so-called survivorship bias, because only “survivors” of those often unpleasant events remain in the database. (The same term can be applied to mutual fund or hedge fund databases that do not include funds that went out of business.) Backtesting a strategy using data with survivorship bias can be dangerous because it may inflate the historical performance of the strategy. This is especially true if the strategy has a “value” bent; that is, it tends to buy stocks that are cheap. Some stocks were cheap because the companies were going bankrupt shortly. So if your strategy includes only those cases when the stocks were very cheap but eventually survived (and maybe prospered) and neglects those cases where the stocks finally did get delisted, the backtest performance will, of course, be much better than what a trader would actually have suffered at that time.

So when you read about a “buy on the cheap” strategy that has great performance, ask the author of that strategy whether it was tested on survivorship bias-free (sometimes called “point-in-time”) data. If not, be skeptical of its results. (A toy strategy that illustrates this can be found in Example 3.3.)


How Did the Performance of the Strategy Change over the Years? 

Most strategies performed much better 10 years ago than now, at least in a backtest. There weren’t as many hedge funds running quantitative strategies then. Also, bid-ask spreads were much wider then: So if you assumed the transaction cost today was applicable throughout the backtest, the earlier period would have unrealistically high returns.

Survivorship bias in the data might also contribute to the good performance in the early period. The reason that survivorship bias mainly inflates the performance of an earlier period is that the further back we go in our backtest, the more missing stocks we will  have. Since some of those stocks are missing because they went out of business, a long-only strategy would have looked better in the early period of the backtest than what the actual profit and loss (P&L) would have been at that time. Therefore, when judging the suitability of a strategy, one must pay particular attention to its performance in the most recent few years, and not be fooled by the overall performance, which inevitably includes some rosy numbers back in the old days.

Finally, “regime shifts” in the financial markets can mean that financial data from an earlier period simply cannot be fitted to the same model that is applicable today. Major regime shifts can occur because of changes in securities market regulation (such as decimalization of stock prices or the elimination of the short-sale rule, which I allude to in Chapter 5) or other macroeconomic events (such as the subprime mortgage meltdown).

This point may be hard to swallow for many statistically minded readers. Many of them may think that the more data there is, the more statistically robust the backtest should be. This is true only when the financial time series is generated by a stationary process. Unfortunately, financial time series is famously nonstationary, due to all of the reasons given earlier.

It is possible to incorporate such regime shifts into a sophisticated “super”-model (as I will discuss in Example 7.1), but it is much simpler if we just demand that our model deliver good performance on recent data.


Does the Strategy Suffer from Data-Snooping Bias? 

If you build a trading strategy that has 100 parameters, it is very likely that you can optimize those parameters in such a way that the historical performance will look fantastic. It is also very likely that the future performance of this strategy will look nothing like its historical performance and will turn out to be very poor. By having so many parameters, you are probably fitting the model to historical accidents in the past that will not repeat themselves in the  future. Actually, this so-called data-snooping bias is very hard to avoid even if you have just one or two parameters (such as entry and exit thresholds), and I will leave the discussion on how to minimize its impact to Chapter 3. But, in general, the more rules the strategy has, and the more parameters the model has, the more likely it is going to suffer data-snooping bias. Simple models are often the ones that will stand the test of time. (See the sidebar on my views on artificial intelligence and stock picking.) 

 



ARTIFICIL INTELLIGENCE AND STOCK PICKING1

 

There was an article in the New York Times a short while ago about a new hedge fund launched by Mr. Ray Kurzweil, a pioneer in the field of artificial intelligence. (Thanks to my fellow blogger, Yaser Anwar, who pointed it out to me.) According to Kurzweil, the stock-picking decisions in this fund are supposed to be made by machines that “. . . can observe billions of market transactions to see patterns we could never see” (quoted in Duhigg, 2006).

While I am certainly a believer in algorithmic trading, I have become a skep-tic when it comes to trading based on “artificial intelligence.”

At the risk of oversimplification, we can characterize artificial intelligence (AI) as trying to fit past data points into a function with many, many parameters. This is the case for some of the favorite tools of AI: neural networks, decision trees, and genetic algorithms. With many parameters, we can for sure capture small patterns that no human can see. But do these patterns persist? Or are they random noises that will never replay again? Experts in AI assure us that they have many safeguards against fitting the function to transient noise. And indeed, such tools have been very effective in consumer marketing and credit card fraud detection. Apparently, the patterns of consumers and thefts are quite consistent over time, allowing such AI algorithms to work even with a large number of parameters. However, from my experience, these safeguards work far less well in financial markets prediction, and overfitting to the noise in historical data remains a rampant problem. As a matter of fact, I have built financial predictive models based on many of these AI algorithms in the past. Every time a carefully constructed model that seems to work marvels in backtest came up, they inevitably performed miserably going forward. The main reason for this seems to be that the amount of statistically independent financial data is far more limited compared to the billions of independent consumer and credit transactions available. (You may think that there is a lot of tick-by-tick financial data to mine, but such data is serially correlated and far from independent.)

This is not to say that no methods based on AI will work in prediction. The ones that work for me are usually characterized by these properties:• They are based on a sound econometric or rational basis, and not on random discovery of patterns.
• They have few parameters that need to be fitted to past data.
• They involve linear regression only, and not fitting to some esoteric nonlinear functions.
• They are conceptually simple.
• All optimizations must occur in a lookback moving window, involving no future unseen data. And the effect of this optimization must be continuously demonstrated using this future, unseen data.


 

Only when a trading model is constrained in such a manner do I dare to allow testing on my small, precious amount of historical data. Apparently, Occam’s razor works not only in science, but in finance as well.




Does the Strategy “Fly under the Radar” of Institutional Money Managers? 

Since this book is about starting a quantitative trading business from scratch, and not about starting a hedge fund that manages multiple millions of dollars, we should not be concerned whether a strategy is one that can absorb multiple millions of dollars. (Capacity is the technical term for how much a strategy can absorb without negatively impacting its returns.) In fact, quite the opposite—you should look for those strategies that fly under the radar of most institutional investors, for example, strategies that have very low capacities because they trade too often, strategies that trade very few stocks every day, or strategies that have very infrequent positions (such as some seasonal trades in commodity futures described in Chapter 7). Those niches are the ones that are likely still to be profitable because they have not yet been completely arbitraged away by the gigantic hedge funds.




SUMMARY 

Finding prospective quantitative trading strategies is not difficult. There are:• Business school and other economic research web sites.
• Financial web sites and blogs focusing on the retail investors.
• Trader forums where you can exchange ideas with fellow traders.


 

After you have done a sufficient amount of Net surfing or trading magazine riffling, you will find a number of promising trading strategies. Whittle them down to just a handful based on your personal circumstances and requirements, and by applying the screening criteria (more accurately described as healthy skepticism) that I listed earlier:• How much time do you have for baby-sitting your trading programs?
• How good a programmer are you?
• How much capital do you have?
• Is your goal to earn steady monthly income or to strive for a large, long-term capital gain?


 

Even before doing an in-depth backtest of the strategy, you can quickly filter out some unsuitable strategies if they fail one or more of these tests:• Does it outperform a benchmark?
• Does it have a high enough Sharpe ratio?
• Does it have a small enough drawdown and short enough drawdown duration?
• Does the backtest suffer from survivorship bias?
• Does the strategy lose steam in recent years compared to its earlier years?
• Does the strategy have its own “niche” that protects it from intense competition from large institutional money managers?


 

After making all these quick judgments, you are now ready to proceed to the next chapter, which is to rigorously backtest the strategy yourself to make sure that it does what it is advertised to do.




End of sample
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% Assume this is a continuation of the above MATLAB
% code.
% cumulative compounded returns
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+ make sure previously defined variables are erased
clear;

& read a spreadsheet named "OIH.xls" into MATLAB.
[numl, £xc1]=xlsread(’OIH’) ;

& the first colum (starting from the second row) is
& the trading days in format mm/dd/yyyy-
tdayl=txti(2:end, 1);

tdayl=datestr (datenum(tdayl, ‘mn/dd/yyyy'), 'yyyym-
mdd’); ¥ convert the format into yyyymmdd.

& convert the date strings first into cell arrays
% and then into numeric format.

tdayl=str2double (cellstr (tdayl)) ;

% the last colum contains the adjusted close prices.
adjclsi-numi(:, end);

% read a spreadsheet named "RKH.xls® into MATLAB.
(nun2, txt2]=x1sread(’RKH')
& the first colum (starting from the second row) is
% the trading days in format mm/dd/yyyy.
tday2=txt2(2:end, 1);

% convert the format into yyyymmdd

tday2=

datestr (datenun (tday2, ‘mm/dd/yyyy'), ‘yyyymmdd');

& convert the date strings first into cell arrays and
% then into numeric format.

tday2=stradouble (cellstr (tday2) ) ;

adjclsz=num2(:, end);

& read a spreadsheet named "RTH.x1s" into MATLAB.
[num3, £xt3]=xlsread (’RTH') ;

& the first colum (starting from the second row) is
% the trading days in format mm/dd/yyyy-

tday3=txt3 (2:end, 1);
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& step two of look-forward-bias check
oldoutput=load (*example3.6_positions’) ;
oldoutput . positions (end-cutoffs1:end,

if (any (positions~=oldoutput .positions))
£printf(1, ‘Program has look-forward-biasi\n');

end





OEBPS/chan_9780470466261_oeb_089_r1.gif
viogical-vel.l

& viogical is (11 0 0], where the Os and 1's

% indicate whether that element is less than 1.1 or
% not.

vitav(viogical) & vit is [0.9 0.9)





OEBPS/chan_9780470466261_oeb_066_r1.gif
xe(:, goodstk)=..
x(:, goodstk) -repmat (smartmean (x(:, goodstk),1),
[size(x, 1) 11); % Remove mean

for me1:length(goodstk)
for nem:length(goodstk)
¥(goodstk (m), goodstk (n))=
smartmean (xc (:, goodstk (m).*..
xc(:, goodstk(n)));
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end
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FDHG 05 NaN 033
OGNC 06875 NaN 02

MPLX 07188 NaN 08

TS 075 NaN 035
BUYX 075 NaN 017

PSIX 075 NaN 02188
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clear;

% use lookback days as estimation (training) period
% for determining factor exposures.

Lookback=252 /nunFactors=5; ¥ Use only 5 factors

& for trading strategy, long stocks with topN expected
1-day returns.

CopN=50;

% test on SP600 smallcap stocks. (This MATLAB binary
% input file contains tday, stocks, op, hi, lo, cl

& arrays.)

10ad('19R20080114") ;

mycls-£il1MissingData (cl);

positionsTable-zeros (size (c1)

% note the rows of dailyret are the observations at
& ifferent time periods

dailyret= (mycls-lagl (mycls))/lagl (mycls) ;

for t=lookbacks1:length (tday)

% here the columns of R are the different
% observations.
Redailyret (t-lookback+

% avoid any stocks with missing returns
hasData=find(all (isfinite(R), 2)
ReR (hasData,

avgR=smartmean (R, 2!
% subtract mean from returns

ReR-repmat (avgR, (1 size(R, 2)]
% compute covariance matrix, with observations in
% rows

covR=smartcov (R”
% X is the factor exposures matrix, B the
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clear;

1oad(’SPX.20071123, "tday’, ‘stocks’, 'cl');
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vit=v(idx); & Vit is the again same (0.9 0.9)
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% the last column contains the adjusted close prices.
adjclsz=nun(:, end);

% find the intersection of the two data sets,

% and sort them in ascending order

(tday, idx1, idx2]=intersect(tdayl, tday2);
djclsi (idx1) ;

ajels2 (idx2) ;

trainset:

52; % define indices for training set

% define indices for test set
testset=trainset (end) +1:length(tday) ;

& determines the hedge ratio on the trainset
% use regression function
results=ols(cl1(trainset), cl2(trainset));
hedgeRatio=results.beta;

% spread = GLD - hedgeRatio*GDX
spreadscli-hedgeRatiorcla;
plot (spread(trainset)) ;

figure;
plot (spread(testset)) ;
figure;

% mean of spread on trainset

spreadNean-nean (spread (trainset)) ;

% standard deviation of spread on trainset

spreadstd-std(spread (trainset)) ;

% z-score of spread

2score= (spread - spreadiean) . /spreadStd;

% buy spread when its value drops below 2 standard
deviations

longs=zscore

25

% short spread when its value rises above 2 standard
deviations

shorts=zscore>=2;

% exit any spread position when its value is within 1

% standard deviation of its mean

exits=abs (zscore) <=1;

% initialize positions array

positions=NaN (length (tday), 2);






OEBPS/chan_9780470466261_oeb_098_r1.gif
log(x) ¥ this gives
%1.3863  1.6094  1.7918
% 1.9859  2.0794  2.1972
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x(2)=0.3;
%3 elements of an array initialized.
% This is by default a row-vector
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Source

Cons.

Daily Stock Data

Finance.yahoo.com

HQuotes.com

Csldata.com

TrackData.com

CRSP.com

Free. Split/dividend adjusted.

Low cost. Same data as
finance.yahoo.com. Software
enables download of multiple
symbols.

Low cost. Source of Yahoo! and
Google’s historical data. Software
enables download of multiple
symbols.

Low cost. Split/dividend adjusted.
Software enables download of
‘multiple symbols. Fundamental data
available.

Survivorship bias free.

Daily Futures Data

Has survivorship bias.
Can download only
one symbol at a
time.

Has survivorship bias.
Split but not
dividend adjusted.

Has survivorship bias.

Has survivorship bias.

Expensive, Updated
only once a month.

Quotes-plus.com

Low cost. Software enables download
of multiple symbols.

CSldata.com (see above)
Daily Forex Data
Oanda.com Free.
Intraday Stack Data
HQuotes.com  (See above.) Short history for

Intraday Futures Data

intraday data

DTN.com

Bid-ask data history available as part
of NxCore product

Intraday Forex Data

Expensive: requires.
subscription to live
datafeed.

GainCapital.com

Free. Long history.
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% A test for correlation
dailyReturns= (adjcls-lagi (adjcls) ) . /1agl (adjcls) ;
[R, P] =corrcoef (dailyReturns (2:end, :)) ;

1.0000  0.4839
0.4849  1.0000
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Ex-Date Dividend Prev Close Multiplier
9/26/2007 0177 128.08 0.998618
6/29/2007 03 119.44 0.997488
12/21/2006 0322 102.61 0.996862
9/27/2006 0258 91.53 0.997181
6/23/2006 032 922 0.996529
3/27/2006 0253 94.79 0.997331
12/23/2005 0236 89.87 0.997374
9/26/2005 0184 89 0.997933
6/21/2005 0217 7.9 0.997214






OEBPS/chan_9780470466261_oeb_032_r1.gif
function y = smartsum(x, dim)
sy = smartsun(x, dim)
%Sum along dimension dim, ignoring Nan.

hasbata=isfinite (x) ;
x(~hasbata) =0;

un (x, aim)
¥(all (~hasbata, dim))=NaN;

“smartmean.m”

function y = smartmean(x, dim)
%y - smartmean(x, dim)
& Mean value along dimension dim, ignoring NaN.

hasData=istinite (x);
x(~hasbata)=0;

y=sum(x, dim) . /sun(hasbata, dim);

¥(all (~hasbata, dim))=NaN; & set y to NaN if all en-
tries are NaN's.

*smartstd.m'

function y = smartstd(x, dim)
sy = smartstd(x, dim)
% std along dimension dim, ignoring NaN and Inf

hasData=isfinite (x) ;
X (~hasbata

y=std(x) ;

y(all (~hasData, dim))=NaN;
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% Assume this is a continuation of the above MATLAB
scode

& Insert your own code here to retrieve data from
& SPY.xls just as above.

% Name the array that contains the daily returns of
% SPY "dailyretspy”.

& net aaily returns
(divide by 2 because we now have twice as much capital.)
netRet=(dailyret - dailyretSPY)/2;

% the output should be 0.7837.
sharpeRatio=sqrt (252) *mean (excessRet) /std (excessRet)
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X(1,:) =0 % x is now just [4 5 6; 7 8 9]
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results=ols(adjcls(:, 1), adjcls(:, 2));

hedgeRatio=results.beta
z=results.resid;

+ A hedgeRatio of 1.6766 was found
% I.e. GLD=1.6766%GDX + z, where z can be

% interpreted as the

% spread GLD-1.6766*GDX and should be stationary.

+ This should produce a chart similar to Figure 7.4.
plot () ;
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function y=backshift (day,x)
& y=backshift (aay, x)

assert (day>=0) ;

= [NaN (day, size (x,2), size(x, 3));x(1:end-day, :
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% long entries

positions (shorts,

repuat ([-1 1], [length (£ind(shorts)) 11);

% short entries

positions (longs, :)=repmat([1 -1,
[length (£ind (1ongs)) 11);

& exit positions

positions (exits, :)=zeros(length(find(exits)), 2);

& ensure existing positions are carried forward
unless there is an exit signal positions=
£i11uissingData (positions) ;

cl=[cl1 c12]; & combine the 2 price series

dailyret=(cl - lagl(cl))./lagl(cl);
pnl=sun(lagl (positions) . *dailyret, 2);

& the Sharpe ratio on the train-
ing set should be about 2.3
sharpeTrainset=

sqrt (252) *mean (pnl (trainset (2:end)) )
/std (pnl (trainset (2:end)) )

& the Sharpe ratio on the test set should be about 1.5
sharpeTest set=sqrt (252) *mean (pnl (testset) )

/sta(pnl (testset))

plot (cumsun(pnl (testset))) ;

% save positions file for checking look-ahead bias
save example3_6positions positions;

In file lag].m:

function y=lagl (x)
% y=lag(x)
if (isnumeric(x))

% populate the first entry with NaN
y=[Nal(1, size (x,2)) ;X (1:end-1, :)];elseif (ischar(x))
% populate the first entry with
repnac (*, [1 size(x,2)]);x(1:end-1, :)];else
exror (*Can only be numeric or char array’);
end
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Low Capital

High Capital

Proprietary trading firm's membership

Futures, currencies, options

Intraday

Directional

Small stock universe for intraday
trading

Daly historical data with survivorship
bias

Low-coverage or delayed news source

No historical news database

No historical fundamental data on
stocks

Retail brokerage account

Everything, including stocks.

Both intra- and interday (overnight)

Directional or market neutral

Large stock universe for intraday
trading

High-frequency historical data,
survivorship bias-free

High-coverage, real-time news source

Survivorship bias-free historical news
database

Survivorship bias-free historical
fundamental data on stocks
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Insert example7.2.m in the beginning here

prevz=backshift (1, z); % z at a previous time-step
dz=z-prevz;
az(1)=0;

prevz(1)

% assumes dz-thetas (z-mean(z))dtsw,
% where w is error term
result;

15(dz, prevz-mean(prevz));theta=results.beta;

log(2) /theta
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z=xsy ¥ z is the same (0.9 1.1 1]
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us=(z((1 1]); w
% u is now

% [0.9000  0.9000;
+1.2000  1.1000]
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Date Open High Low Close
6/10/2005 7226163 7235931  71.6072 7228117
6/9/2005 7076717 7202721 7055228 7202721
6/8/2005 7039111 7151929 7020553  70.56205
6/7/2005 7081601 7133858  70.38135  70.38135
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clear;

startDate=20060101;
endbate=20061231;

1oad('SPX-20071123, ‘tday’, ‘stocks’, ‘cl’);

% daily returns
dailyrets(cl-lagl(cl)) ./lagl(cl) ;

% equal weighted market index return
marketbailyret=smartmean (dailyret, 2);

% weight of a stock is proportional to the negative
% distance to the market index.

weight;
- (dailyret-repmat (marketDailyret, (1 size(dailyret,2)]))./
repuat (smartsun(isfinite(cl), 2),

[1 size(dailyret, 2)1);

% those stocks that do not have valid prices or
% daily returns are excluded

weights (~isfinite(cl) | ~isfinite(lagi(cl)))=0;
dailypnl=smartsun(lagl (weights) .*dailyret, 2);

% remove pnl outside of our dates of interest
dailypnl (tday < startDate | tday > endDate) - [I;

% Sharpe ratio should be about 0.25

sharpe-

5qrt (252) *smartmean (dailypnl, 1) /smartstd(dailypnl, 1)
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Spread between GLD and GDX
10

Long 1 share of GLD
Short 1.6766 shara of GDX

Spread (in's)

s
20060525 20061012 20070309 20070801 20071221
Date
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VIE=v(v<1.1) ¥ Vit is the same (0.9 0.9
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Real-time data feed.

i

Your proprietary deskiop C+ program

1

Deskiop API from your brokerage

1

Your brokerage account
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assert (all (tday (lastdayofJan) > tday(lastdayofDec)));
eoy=rind (years~-nextdayyear) ; & End Of Year indices

eoy(end)=(1; ¥ last index is not End of Year

% Ensure eoy dates match lastdayofbec dates
assert (all (tday (eoy) ==tday (1astdayofbec)) ) ;
annret=

(c1 (eoy(2:end) , :) -1 (eoy (1:end-1),:)) ./ .
cl(eoy(1:end-1),:); ¥ annual returns
Janret:

(c1 (1astdayofgan (2:end) , :) -

c1(1astdayotDec (2:end) , :)) . /c1 (lastdayofDec (2:end) , ¢ ;
% January returns

for y=1:size(annret, 1)
% pick those stocks with valid annual returns
hasbata:
£ind(isfinite (annret (y,:)));

% sort stocks based on prior year's returns
(foo sortidx]=sort (annret (y, hasbata), ’ascend’);
% buy stocks with lowest decile of returns,
% and vice versa for highest decile
topN=round (length (hasData) /10) ;
% portfolio returns
portRe!
(smartmean (janret (y, hasbata (sortidx(1:topN))))-
smartmean (janret (y, hasbata(
sortidx (end-topN+l:end))))) /2-2+onewaytcost ;
£printe (1, ‘Last holding date %i: Portfolio
return=47.4f\n’, tday(lastdayofDec(y+1)), portRet);
end

% These should be the output

% Last holding date 20051230: Portfolio return=-0.0244

% Last holding date 20061229: Portfolio returns=-0.0068

% Last holding date 20071231: Portfolio returns 0.0881
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function y = smartcov(x)
% Covariance n of finite elements

% Rows of observations, columis of variables
% Normalizes by N, mot N-1

yeNaN(size (x, 2), size(x, 2));
Xc=NaNi(size (x)) ;

goodstk=£ind (“all (isnan(x), 1));
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% Maximun annualized compounded growth rate
04+E¥CHE/2 ¥ g =

0.1529

0.4751
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R=Xb+u
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/1638 x R/s.





OEBPS/chan_9780470466261_oeb_034_r1.gif
% remove weights outside of our dates of interest
weights (tday < startDate | tday > endDate, :) = [1;
& transaction costs are only incurred when

% the weights change

dailypniminustcost

dailypnl - smartsum(abs (veights-lagl (veights)), 2).*
onewaytcost;

% sharpe ratio should be about -3.19
sharpeminustcost=. .
sqrt (252) *smartmean (dailypnlminustcost, 1)/...
smartstd (dailypnlminustcost, 1)
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% find the indices of the days that are at month ends.
monthEnds=find (isLastTradingbayothonth (tday) ) ;

monthlyRet=
(c1 (monthEnds, :) -1ag1 (c1 (monthEnds, :))) -/

1ag1 (c1 (monthEnds, :)) ;

mycl=fillMissingdata (cl);

& sort stocks by monthly returns in ascending order
[monthlyRetSorted sortIndex]=sort (monthlyRet, 2);

% these are the sorted monthly returns of the
previous year

previearlonthlyRetSorted=backshift (12,

monthlyRetSorted) ;% the sort index of the

previous year

prevYearsort Index=backshift (12, sortIndex);

positions=zeros (size (monthlyRet)) ;

for me13:size (monthlyRet, 1)
hasReturns-
istinite (prevyeartonthlyRetsorted(m, :)) &
istinite(cl (monthEnds (m-1),:)) ;
mySort Index=prevYearSortIndex (m, hasReturns);

& take top decile of stocks as longs,
% bottom decile as shorts
topN=£loor (Length (mySortIndex) /10) ;
positions (m-1, mySortIndex(1:topN)
positions (m-1,
mySortIndex (end-topli+1:end)

end

martsun (1agl (positions) - smonthlyRet, 2);

avgannret=12+smartmean (ret) ;
sharpe=sqrt (12) *smartmean (ret) /smartstd (ret) ;

fprines (1,
“Avg ann return=47.4f Sharpe ratio=¥7.4f\n’,
avgannret, sharpe);

& Output should be

% Avg ann return=-0.9167 Sharpe rati

0.1055
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Quantitative
Trading

How to Build Your Own
Algorithmic Trading Business

ERNEST P. CHAN

WILEY
John Wiley & Sons, Inc.
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% make sure previously defined variables are erased.
clear;

% read a spreadsheet named "GLD.xls" into MATLAB.
[num, txt]-xlsread(‘GLD');

& the first colum (starting from the second row) is
% the trading days in format mm/dd/yyyy.

tday1=txt (2:end, 1);

% convert the format into yyyymndd
tdayl=...

datestr (datenun (tdayl, ‘mn/dd/yyyy'), 'yyyymdd');

% convert the date strings first into cell arrays and
% then into numeric format

tdayl=str2double (cellstr (tday1)) ;

% the last colum contains the adjusted close prices

% read a spreadsheet named "GDX.xls" into MATLAB.
[num, txt] -xlsread (‘GDX') ;

& the first colum (starting from the second row) is
& the trading days in format mm/dd/yyyy

tday2=txt (2:end, 1);

% convert the format into yyyymmdd

tdayz:

datestr (datenun (tday2, ‘mm/dd/yyyy'), 'yyyymmdd');

% convert the date strings first into cell arrays and
% then into numeric format
‘tday2sstradouble (cellstr (tday2) ) ;
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sum, cumsum, diag, max, min, mean, std, corrcoef,
repnat, reshape, Squesze, sort, sortrow, rand, size,
length, eigs, fix, round, floor, ceil, mod,
factorial, setdiff, union, intersect, ismember,
unique, any, all, eval, eye, ones, strmatch, regexp,
regexprep, plot, hist, bar, scatter, try, catch,
circshift, datestr, datenum, isempty, isfinite,
isnan, islogical, randperm
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% from the downloaded data.

op (iaxtB, oD (14xA (1dxtA) ) ;
hi (idxtB, iyhi (14X (1dxtA)) ;
1o(idxtB, 10 (14X (idxtA)) ;
€1 (iaxts, el (14xA(1dxtA)) ;

Vol (1axtB, s)=myvol (idxA(idxtA));

end
save (outputFile, ‘tday’, ‘stocks’, ‘op’, ‘hi’,
‘lot, tel’, ‘vel’);
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Date

Open High Low Close
6/10/2005 73.98 74.08 7331 74

6/9/2005 7245 73.74 7223 73.74
6/8/2005 14413 146.44 143.75 144.48
6/7/2005 145 146.07 14411 14401
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S=+FTCF*
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% assigning the value 0.8 to all elements of a 3-vector y
This is a row-vector.y=0.8%ones (1, 3)





OEBPS/chan_9780470466261_oeb_010_r1.gif
Date Open High Low Close
6/10/2005 73.98 74.08 7331 74

6/9/2005 7245 73.74 72.23 73.74
6/8/2005 72.065 73.22 71.875 72.24
6/7/2005 725 73.035 72.055 72.055
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% convert the date strings first into cell arrays and
% then into numeric format
tday2=stradouble (cellstr (tday2) ) ;

% find all the days when either GLD or GDX has data
tday=union (tday1, tday2);
{foo idx idxl]=intersect (tday, tdayl);

% combining the two price series
adjcls=Nan (Length (tday), 2);
adjcls(idx, 1)=adjclsl(idxl);
[foo idx idxz]-intersect (tday, tday2);
adjcls(idx, 2)=adjels2(idx2);
& days where any one price is missing

baddata=find (any (“isfinite (adjcls), 2));
tday (baddata)=[] ;

adjcls (baddata, :) =0 ;

trveat (‘GLD’, ‘GDX');

% run cointegration check using
% augmented Dickey-Fuller test

aaf (adjcls (i, 1), adjels(:, 2), 0, 1);
prt (ves, vnames);

% output from cadf function:

% Augnented DF test for co-integration variables:
GLD, GDX

% CADF t-statistic # of lags AR(1) estimate
v -3.35698533 1 -0.060892
v

% 1% Crit Value 5% Crit Value 10% Crit Value
+ -3.818 -3.343 -3.002
% The t-statistic of -3.36 which is in between the
% 1% Crit Value of -3.819

% and the 5% Crit Value of -3.343 means that

% there is a better than 95%

% probability that these 2 time series are

& cointegrated.
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Year PaLin$ Maximum Drawdown in §
1995 1,037 o
199 1,638 -2.226
1997 227 664
1998 18 o
1999 197 588
2000 735 _315
2001 1,562 0
2002 315 0
2003 1,449 38
2004 361 -907
2005 6,985 —25
2006 890 o
2007+ 2,288 -9.816
2008+ 4,741 0

*Actual trading result expressed as 2 x QU.
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% daily pnl with transaction costs deducted
onewaytcost=0.0005; % assume 5 basis points
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% make sure previously defined variables are erased.
clear;

% read a spreadshest named 'IGE.xls" into MATLAB.
[num, txt] -xlsread(‘IGE');

% the first colum (starting from the second row)
% contains the trading days in format mm/dd/yyyy.
tday=txt (2:end, 1

+ convert the format into yyyymndd.
tday=datestr (datenun(tday, ‘mm/dd/yyyy'), ‘yyyymmdd’);
% convert the date strings first into cell arrays and
% then into numeric format

tday=stradouble (cellstr (tday) ) ;

% the last colum contains the adjusted close prices
cls=nun(:, end);

% sort tday into ascending order.

[tday sortIndex]=sort(tday, ‘ascend’);

% sort cls into ascending order of dates.

cls=cls (sortindex) ;

% daily returns

dailyreta(cls(2:end)-cls(1:end-1)) ./cls (1:end-1);

% excess daily returns assuming risk-free rate of 4%
% per annum and 252 trading days in a year
excessRet=dailyret - 0.04/252;

% the output should be 0.7893
sharpeRatio=sqrt (252) *mean (excessRet) /std (excessRet)
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if ~pred
5 = sprintf("assertion violated: ¥s’, str);
error(s);

ena
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dg/df =m—s2f =0
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Information Ratio — . Average of Excess Retums
" Standard Deviation of Excess Returns
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EMMEPEOG (T etRet)E:

[maxDrawdown maxDrawdownburation!
calculateMaxDp (cumret:

[maxDrawdown maxDrawdownburation]
calculatemaxDp (cumret:

+ maximun drawdown. Output should be 0.1053
maxDrawdown

% maximun drawdown duration. Output should be 497.
maxDrawdownDuration
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clear;

inputFiles'Export .txt’;
outputFile='SEX 20071123 ;

[mysym, mytday, myop, myhi, mylo, mycl, myvoll=...
textread (inputFile, '$s tu S $f £ 3f %u’,
‘delimiter’, *,");

% since the single file consists of many symbols,
& we need to find the unique set of symbols.
stocks=uni que (mysyn) ;

% Since the single file consists of many repeating set
% of dates for different symbols, we need to find the
% unique set of dates

tday=unique (mytday) ;

op=Nai(length(tday) , length(stocks));
hi=NaN(length(tday), length(stocks));
Lo=NaN (length (tday) , length(stocks));
cl=NaN(length(tday) , length(stocks));
vol-NaN(length(tday), length(stocks));

for s=1:length(stocks)
stkestocks(s};

% find the locations (indices) of the data with
% the current symbol
idxhstrmatch(stk, mysyn, ‘exact’); & find the
locations (indices) of the data with
% the current set of dates.
[foo, iaxtA, iaxtB]=intersect (mytday(idxh), tday):

% Extract the set of prices for the current symbol
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z((1 1)) w)
% v is now
% [0.9000  0.9000  1.2000  1.1000]
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SYMBOL  Closing Price on 1/2/2001  Closin

MDM 03125 0.49
ENGA 08438 0.44
NEOF 0875 27.9
ENP. 0875 0.05
MVL 09583 25
URBN 1.0156 3.0688
NV 1.0625 081
APT 1125 0.88
FLR 1.2813 9.475

RAZF 1.3438 0.25
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clear;

1oad(’1JR-20080131") ;
onewaytcost=0.0005; ¥ Sbp one way transaction cost

yearss. .
year (cellstr (datestr (datenum(cellstr (
nun2str (tday)), ‘yyyymmdd’))));

months-. .

month (cellstr (datestr (datenum(cellstr (
nunzstr (cday)), ‘yyyymmda‘))));

nextdayyear=fwdshift (1, years);
nextdaymonth=fwdshift (1, months) ;

1 & nextdaymont

% lastdayofbec starts in 2004,
% 5o remove 2004 from lastdayofJan

lastdayofdan (1)=(];% Ensure each lastdayotdan date
after each

% lastdayofDec date
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idx=find(v<1.1); ¥ idx is [1 2)





OEBPS/chan_9780470466261_oeb_049_r1.gif
9D =7+ rm=s'r22





OEBPS/chan_9780470466261_oeb_074_r1.gif
function y=fwdshift (day,x)
assert (day

y=[x(day+1:end, :,:);
Nal¥ones (day, size (x,2), size(x, 3))1;
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c={(1 2 3); ['a* b e A}
v cia
v 23
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function [maxDD maxDDD) =calculateMaxDD (cunret)
% [maxbD maxDDD] =calculateMaxDD (cumret)

% calculation of maximum drawdown and maximum drawdown
% duration based on cumulative compounded returns.

% initialize high watermarks to zero.
highwatermark=zeros (size (cunret)) ;
% initialize drawdowns to zero.
drawdown=zeros (size (cunret) ) ;
% initialize drawdown duration to zero.
drawdownduration=zeros (size (cumret)) ;
for ength (cunret)
highvaternark (t|
max (highvatermark (t-1), cumret (t))
%+ drawdown on each day
draudown (t) - (1+highvatermark () / (1+cunret (£)) -1,
if (drawdown (t)==0)
drawdownduration (£)=0;

else
drawdownduration (t) =drawdownduration (€-1) +1;
ena
end
maxDD=max (drawdown) ; & maximun drawdown

% maximun drawdown duration
maxDDD=nax (drawdowndurat ion) ;
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clear; % make sure previously defined variables are
serased.

symbol='IBM'; % the stock of interest
& retrieving a webpage
historicalPriceFile
urlread((*http://finance.yahoo. com/a/hp?

. symboll);

% extracting the date field to a cell array of cells
dateField=

regexp (historicalPriceFile,

"<td class="yfnc_tabledatal® nowrap align="right">
([\d\w-1+) </td>", ‘tokens’);

% extracting the numbers field to a cell array of cells
nunField-regexp (historicalPriceFile,

‘<td class="yfnc tabledatal" alig
([\d\..1+)</td>", ‘tokens’);

rightt>

% convert to cell array of strings
datess [dateFicla(:})

% convert to cell array of strings

% convert to doubles array
op=str2double (nunField (1:6:end)); % open
hi=stradouble (nunField (2:6:end)); % high
lo=str2double (nunField (3:6:end)); & low
cl=stradouble (nunField (4:6:end)); % close
vol=stradouble (nunField (5:6:end)); ¥ volume
adjCl=str2double (nunField (6:6:end)); ¥ adjusted close
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Year PaLin$ Maximum Drawdown in §
1995 1,970 o
199 3,090 630
1097 450 —430
1998 2150 -1.420
1999 4340 -370
2000 4,360 o
2001 2730 1,650
2002 9,860 o
2003 2,000 5,550
2004 5430 13
2005 2380 ~230
2006 2,250 -1.750
2007 800 ~7.470
2008+ 10037 1,604

“Actual trading results expressed as 4 x QG.
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% variances of factor returns. Use the
% eigenvectors of covk as column vectors
s for X
(X, Bl=eig(covR) ;
& Retain only numFactors

X(:, 1:size(X, 2)-numFactors)=(;
% b are the factor returns for time period t-1
s tot.

results=ols (R(:, end), X);

results.beta;

% Rexp is the expected return for next period
% assuning factor returns remain constant.
RexpeavgR+X+b;
{foo idxSort]=sort (Rexp, 'ascend’);

% short topN stocks with lowest expected returns
positionsTable(t, hasbata (idxSort (1:topN)))=-1;
% buy topN stocks with highest expected returns
positionsTable (t,
hasData (idxSort (end-topN+1:end))) =17

ena

% compute daily returns of trading strategy
ret=

smartsun(backshift (1, positionsTable).*dailyret, 2);
% compute annualized average return of

% trading strategy

avgret=smartmean (ret) *252;% A very poor return!
 avgret =

v

% -1.8009






OEBPS/chan_9780470466261_oeb_061_r1.gif
% The P value of 0 indicates that the two time series
% are significantly correlated.
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Issue Retail Trading Proprietary Trading
Legal requirement to None, Need to pass NASD
open account. Series 7 examination
and satisfy other
NASD-imposed
restrictions.
Initial capital requirement.  Substantal. small
Available leverage or Determined by SEC Based on firm's
buying power. Regulation T. discretion. Can be as.
Generally 2x leverage  high as 20x or more
for overnight for intraday or hedged

Liability to losses.

Commissions and fees.

Bankruptcy risk of
brokerage.

Training, mentoring,
guidance.

Disclosure of trade
secrets.

Restrictions on trading
style.

Risk management.

positions, and 4 for
intraday positions.

Unlimited, unless
account is opened
through an s
corporation or LLC.

Low commissions
(perhaps less than 0.5
cent a share) and
minimal monthly fees
for data.

No tisk. Account
insured by Securities
Investor Protection
Corporation (SIPC).

None,

Little or no risk,
especiall i retail
brokerage does not
have proprietary
trading unit,

No restrictions, as long
as itis allowed by SEC.

Mostly self-imposed.

positions

Limited to initial
investment.

Higher commissions and
significant monthly
fees.

Has risk. Account not
insured

May provide such
services, sometimes at
afee,

Has risk. Managers can
easily ‘piggyback’ on
profitable strategies.

May have restrictions,
such as prohibitions.
on holding overnight
short positions.

More comprehensive
and imposed by
managers.
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Annualized Sharpe Ratio = /Ny x Sharpe Ratio Based on 7'
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function isLastTradingDayofhont]
isLastTradingDayOfionth (tday)
& isLastTradingDayotNont]

% isLastTradingDayofMonth(tday) returns a logical
% array. True if tday(t) is last trading day of month

tdaystr=datestr (datenum(nun2str (cday), ‘yyyymmdd'));

todayMont!

onth (tdaystr) ;

tmrMonth=fwdshift (1, todayMonth); § tomorrow’s month
isLastTradingDayofMonth=false (size (tday));

isLastTradingDayotMonth (todayMonth™=tmrMonth &
isfinite(todayNonth) & isfinite (tmrMonth))=true;
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*r1=x(1,:) ¥ xrl is the first row of x, i.e. xrl is [1 23]

xc2ex(:, 2)% xc2 is the second colum of X, i.e. xc2 is
vz
vs
ey
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Spread (in'§)

Long 1 share of KO
Short 1.01 share of PEP.

20

30

19770103 19841128 19921027
Date

20000927
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% number of most recent trading days to cut off
0% remove the last cutoff number of days.

cutot
tday (end-cutoff+lend, :)=(1;
cl1(end-cutoffrl:end, :)=(1;
12 (end-cutoffri:end, :)=(1;
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= BuySellAw 1Ater10DayLowHigh
IF
12-Porcent Change 0= 1
AND
12 Moving Low-10.2.0 >= TALTNYSE ESXXXX.GS LastLow
THEN
1
ELSE
F

12 Parcant Change 3.0 >= ~1
AND.
12 Moving Hight10.1.0 <= TALTNYSE ESXXXX GS LastHigh
THEN
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Type

URL

Academic

Business schools’ finance professors’ web
sites

Social Science Research Network

National Bureau of Economic Research

Business schools’ quantitative finance.
seminars

Mark Hulberts column in the New York
Times' Sunday business section

Buttonwood column in the Economist
magazine’s finance section

Financial web sites and blogs

Yahoo! Finance

TradingMarkets

Seeking Alpha.

Thestreet.com

“The Kirk Report

Alea Blog

Abnormal Returns

Brett Steenbarger Trading Psychology

My ownt

Trader forums

Elite Trader

Wealth-Lab

Newspaper and magazines
Stocks, Futures and Options magazine

W ibs.edu/research/research
bl

www.nber.org

www.ieor.columbia.edu/seminars/
financialengineering

wwwnytimes.com

www.economist.com

finance yahoo.com
v TradingMarkets.com
www.SeekingAlpha.com

v TheStreet.com

www. TheKirkReport.com
www.aleablog.com

W AbrormalReturns.com
. brettsteenbarger.com
epchan.blogspot.com

v Elitetrader.com
wwnwealthlab.com

. sfomag.com
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% convert the format into yyyymmdd.
tday3=
datestr (datenun (tday3, ‘mm/dd/yyyy’), ‘yyyymmda’);

& convert the date strings first into cell arrays and
% then into numeric format

tday3=str2double (cellstr (tday3)) ;

adjcls3=num3 (:, end);

+ merge these data
tday=union(tdayl, tday2);
tday=union (tday, tday3):
adjcla=Nan (length (tday), 3);

[foo idx1 idx]=intersect (tdayl, tday);
adjcls(idx, 1)=adjclsl(idxl);
[foo idx2 idx]=intersect (tday2, tday);
adjcls(idx, 2)=adjcls2(idx2);
[foo idx3 idx]=intersect (tday3, tday);
adjcls(idx, 3)=adjcls3(idx3);

(adjcls-lagl (adjcls)) . /lagl (adjcls) ; & returns

% days where any one return is missing
baddata=find (any (~isfinite (ret), 2));

& eliminate days where any one return is missing

ret (baadata, :)= 1

% excess returns: assume annualized risk free rate is 4%
excessRet=ret-repmat (0.04/252, size(ret));

% annualized mean excess returns
M=252*mean (excessRet, 1)'% M =
s

% 0.1396

% 0.0200

% -0.0073

Ca2521cov (excessRet) & annualized covariance matrix

ve-
+

%+ 0.1109 0.0200 0.0183
% 0.0200 0.0372  0.0269
% 0.0183  0.0269  0.0420

F=inv(C)*M & Kelly optimal leverages
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% halflife =
%
% 10.0037
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Date Open

Low Close Volume AdjClose

6/10/2005 7398 7408 7331 74 179300 7228
6/9/2005 7245 73.74 7223 73.74 853200 72.03
6/8/2005 14413 14644 14375 14448 109600  70.56
6/7/2005 145 14607 14411 14411 58000  70.38
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X([13])=0) % this leaves x as [0.3]
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(“IBM", "BUY", 100%)
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+ make sure previously defined variables are erased
clear;

% read a spreadsheet named "GLD.xls" into MATLAB,
[num, txt] =xlsread('GLD') ;

% the first colum (starting from the second row) is
% the trading days in format mm/dd/yyyy

tdayl=txt (2:end, 1);

% convert the format into yyyymmdd

tdayl-..

datestr (datenun (tdayl, ‘mm/dd/yyyy'), ‘yyyymndd');

% convert the date strings first into cell arrays and
% then into mumeric format.
tdayl-strzdouble (cellstr (tday1)) ;

% the last colum contains the adjusted close prices.
adjelsionun(:, end);

% read a spreadsheet naned "GDX.xls* into MATLAB.
(nun2, cxt)-xlsread ('GDX') ;

% the first colum (starting from the second row) is
% the trading days in format m/da/yyyy

cdaya-txe2 (2:end, 1);

& convert the format into yyyymda

cdayz-...

datestr (datenun(tday2, ‘mn/dd/yyyy’), yyyymdd);
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function assert (pred, str)
* ASSERT Raise an error if the predicate is not true.
% assert (pred, string)

if nargin<z, str - '*






