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Foreword

AS we approach the end of one millennium and the beginning of ancther,
computers have changed the way we think and act. In the field of finan-
cid market andysss, the changes have been nothing short of revolution-
ary. Some of us remember when andysts charted the performance of
markets without the aid of computers. Believe me, it was dow and no fun
at al. We spent hours congtructing the charts before even getting to the
fun part-analyzing them. The idea of experimenting with indicators and
optimizing them was gill decades away.

The computer has removed the drudgery of market analysis. Any in-
vestor can buy a computer and some inexpensive software and, in no time
a al, have as much data at his or her fingertips as most professona
money managers. Any and al markets can be charted, manipulated, over-
laid on one another, measured againgt one another, and so on. In other
words, we can do pretty much anything we want to with a few keystrokes.
The popularity of computers has aso fostered a growing interest in tech-
nicd maket andyss. This visud form of andyss lends itsdf beati-
fully to the computer revolution, which thrives on graphics.

Up to now, however, the computer has been used primarily as a data-
gathering and charting machine. It enables us to collect large amounts of

Mr. Murphy isCNBC’stechnical analyst, and author of Technical Analysisof the Futures
Markets and fmzermarket Technical Analyds. His latest book, The Visual Invesor (Wiley,
1996),appliescharting techniquesosectoranal ysisandmutual fundinvesting.



Vi Foreword

market information for display in easlly understood chart pictures. The
fact is, however, most of us have only been scratching the surface where
the computer is concerned. We've been using it primarily as a visua tool.
Enter Murray A. Ruggiero, Jr., and Cybernetic Trading Straregies.

| first became aware of Murray’s work when he published an article
titled “Using Neura Nets for Intermarket Analyss” in Futures Maga
zine. | subsequently did a series of interviews with him on CNBC in
which he developed his ideas even further, for a larger audience. I've fol-
lowed his work ever since, with growing interest and admiration (and oc-
casondly offered a little encouragement). That's why I'm delighted to
help introduce hisfirst book. | do so for some selfish reasons Murray’s
research vaidates much of the work | helped develop, especidly in the
fidd of intermarket analyss. Murray’s extensve research in that area
not only vaidates my earlier writingsin thet field but, | believe, rasesin-
termarket analysis to a higher and more practicd leve.

Not only does he provide statistical evidence that intermarket linkages
exigt, but he shows numerous examples of how to develop trading systems
utilizing intermarket filters. Mot traders accept that a postive corrda
tion exigs between bonds and stocks. How about utilizing a moving-
average filter on the bond market to tell us whether to be in the stock
market or in T-Bills? One such example shows how an investor could have
outperformed the S& P500 while being in the market only 59 percent of
the time. Or how about utilizing corrdation andyss to determine when
intermarket linkages are strong and when they are weak? That insight al-
lows atrader to use market linkages in trading decisions only when they
aremogt likely to work. | was amazed at how useful (and logical) these
techniques realy were. But this book is more than a study of intermar-
ket analysis.

On a much broader scale, traditional technical analysts should applaud
the type of work done by Murray and young writers like him. They are
not satisfied with relying on subjective interpretations of a “head and
shoulders pattern” or reading Elliott Waves and candlestick patterns.
They apply a statistical approach in order to make these subjective meth-
ods more mechanical. Two things are achieved by this more rigorous sci-
entific methodology. Firdt, old techniques are validated by historical
backtesting. In other words, Ruggiero shows that they do work. Second,
he shows us how to use a more mechanical approach to Elliott Waves and
candlesticks, to make them even more useful; Murray does usdl afavor
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by vaidating what many of us have known for a long time-technicd
market analysis does work. But it can aso be made better.

There's much more to this book, having to do with state-of-the-art
thinking-for darters, chaos theory, fuzzy logic, and atificid inteli-
gence-which leads us to some new concepts regarding the computer it-
sdf. The computer can do more than show us pretty pictures. It can
optimize, backtest, prove or disprove old theories, diminate the bad
methods and make the good ones better. In away, the computer amost
begins to think for us. And perhaps that’ s the grestest benefit of Cyber-
netic Trading Srategies. It explores new ways to use the computer and
finds ways to make a valuable machine even more valuable.

Technicd andysis started being used in the United States around the
beginning of the 20th century. Over the past 100 years, it has grown in
both vaue and popularity. Like any field of study, however, technica
analysis continues to evolve. Intermarket Technical Analysis, which |
wrote in 1991, was one step dong that evolutionary path. Cybernetic
Trading Strategies is another. It seems only fitting that this type of book
should appear astechnical andyss begins anew century.

JOHN J. MURPHY



Preface

Advanced technologies are methods used by engineers, scientists, and
physicigs to solve red-world problems that affect our livesin many un-
seen ways. Advanced technologies are not just rocket science methods;
they include applying detigticd andysis to prove or disprove a given
hypothesis. For example, statistical methods are used to eva uate the ef-
fectiveness of a drug for tregting a given illness. Genetic agorithms
have been used by engineers for many different gpplications: the de-
velopment of the layout of micro processors circuits, for example, or
the optimization of landing strut weights in arcraft. In generd, com-
plex problems tha require testing millions or even hillions of combi-
nations to find the optimad answer can be solved usng gendic
agorithms. Another method, maximum entropy spectrd andlyss or the
maximum entropy method (MEM), has been used in the search for new
oil reserves and was adapted by John Ehlers for use in developing trad-
ing strategies. Chaos, a mathematica concept, has been used by sci-
entigts to unders¢and how to improve weether forecasts. Artificid
intelligence was once used only in laboratories to try to learn how to
cagpture human expertise. Now, this technology is used in everything
from cars to toasters. These technologiesredly just different ways
of looking a the world-have found their way to Wal Street and are
now used by some of the most powerful inditutions in the world. John

ix
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Deere Inc. manages 20 percent of its penson fund money using neurd
networks, and Brad Lewis, while a Fiddity Invesments, used neurd
networks to select stocks.

You do not need to be a hiophysicist or statistician to understand these
technologies and incorporate them into your technicd trading system.
Cybemetic Trading Strategies Will explain how some of these advanced
technologies can give your trading sysem an edge. | will show you
which technologies have the most market gpplicability, explain how they
work, and then help you design a technicd trading system using these
technologies. Lagtly, but perhgps most importantly, we will test these
systems.

Although the markets have no single panaces, incorporating eements
of datidicd andyss, spectra andyds, neurd networks, genetic algo-
rithms, fuzzy logic, and other high-tech concepts into a traditiona tech-
nica trading sysem can greatly improve the performance of standard
trading systems. For example, | will show you how spectra analys's can
be used to detect, earlier than shown by classcd indicators such as
ADX-the average direction movement indicator that messures the
grength of a trend-when amarket is trending. | will dso show you how
to evauate the predictive vaue of agiven classca method, by using the
same type of datigtical anadyss used to evauate the effectiveness of
drugs on agivenillness.

| have degrees in both physics and computer science and have been re-
searching neurd networks for over eight years. | invented a method for
embedding neura networks into a Spreadsheet. It seemed a naturd ex-
tenson to then try and gpply what | have learned to predicting the mar-
kets. However, my early models were not very successful. After many
failed attempts, | redlized that regardiess of how well | knew the ad-
vanced technologies, if | didn't have a clear understanding of the mar-
kets | was attempting to trade, the gpplications would prove fruitless. |
then spent the greater part of three years studying specific markets and
taking to successful traders. Ultimady, | redized that my systems
needed a sound premise as their foundation.

My gods are: to provide you with the basics that will lead to grester
market expertise (and thus a reasonable premise on which to base your
trades) and to show you how to develop reliable trading models using so-
caled advanced technologies.
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HOW TO GET THE MOST OUT OF THIS BOOK

This book will introduce you to many different state-of-the-art methods
for analyzing the market(s) as well as developing and testing trading sys-
tems. In each chapter, | will show you how to use a given method or tech-
nology to build, improve, or test a given trading strategy.

The firgt of the book’s five parts covers classcd technicd andyss
methodologies, including intermarket andys's, seasondity, and commit-
ment of traders (COT) data. The chapters in Part One will show you how
to use and test classicd methods, using more rigorous anayss.

Pat Two covers many datidica, engineering, and atificid intelli-
gence methodologies that can be used to develop state-of-the-art trading
systems. One topic | will cover is system feedback, a concept from sys-
tem control theory. This technology uses past results to improve future
forecasts. The method can be applied to the equity curve of a trading sys-
tem to try to predict the results of future trades. Another topic is cycle-
basad trading using maximum entropy spectra andyss, which isusad in
oil exploration and in many other engineering applications. | apply this
method to analyzing price data for various commodities and then use this
andysis to develop mechanicdl trading dtrategies.

Part Three shows how to mechanize subjective methods such as Elliott
Wave and candlestick charts. Part Four discusses development, imple-
mentation, and testing of trading systems. Here, | explain how to build
and test trading systems to maximize reliability and profitability based
on paticular risk/reward criteria.

Findly, in Part Five, | show how to use many different methods from
the fidd of artificid intelligence to develop actud state-of-the-art trad-
ing sysems. These methods will include neurd networks, genetic dgo-
rithms, and machine induction.

| would like to point out that many of the systems, examples, and charts
have different ending dates, even in the same chapter. This occurs be-
cause the research for this book is based on over one year of work, and
not dl of the systems and examples in each chapter were compiled at the
same time.

As you read the book, don’'t become discouraged if you don’t under-
stand a particular concept. Keep reading to get a general sense of the sub-
ject. Some of the terminology may be foreign and may take some getting
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used to. I've tried to put the concepts in laypersons terminology, but the
fact remains that jargon (just like market terminology) abounds. After
you get agenerd fed for the materid, reread the text and work through
the examples and models. Mogt of the examples are based on red sys-
tems being used by both experienced and novice traders. It has been my
goa to present rea-world, applicable systems and examples. You won't
find pie-in-the-sky theories here.

MURRAY A. RUGGIERO, JR.

East Haven, Connecticut
Mavy 1997
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Introduction

During the past severa years, | have been on a quest to understand how
the markets actudly work. This quest has led me to researching dmost
every type of analysis. My investigation covered both subjective and ob-
jective forms of technical andyssfor example, intermarket andyss,
Elliott Wave, cycle anaysis, and the more exotic methods, such as neura
networks and fuzzy logic. Thisbook contains the results of my research.

My god was to discover mechanical methods that could perform as
well asthetop tradersin the world. For example, there are technologies
for trading usng trend following, which sgnificantly outperform the leg-
endary Turtle system. This book will show you dozens of trading systems
and filters that can increase your trading returns by 200 to 300 percent.
| have collected into this volume the best technologies that | have discov-
ered. This overview of the book’s contents will give you the flavor of
what you will be learning.

Chapter 1 shows how to use intermarket analysis as a predictive tool.
The chapter firgt reviews the basics of intermarket analysis and then,
using a charti’s approach, explains the many different intermarket re-
lationships that are predictive of stocks, bonds, and commodities. That
background is used to develop fully mechanicd systemsfor a variety of
markets, to show the predictive power of intermarket analysis. These mar-
kets include the S&P500, T-Bonds, crude oil, gold, currencies, and more.
Most of these systems are as profitable as some commercia systems cost-
ing thousands of dollars. For example, severd T-Bond trading systems
have averaged over $10,000 a year during the anaysis period.

Chapter 2 discusses seasond trading, including day-of-the-week,
monthly, and annua effects. Y ou will learn how to judge the rdigbility

!
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of a seasonal trade and how to develop reliable and profitable seasona in-
dexes. Severd winning methods for using seasondity were developed
using awak forward approach in which the seasond is cdculated only

using prior data for trading stocks, bonds, and corn. This means that these
results are more redistic than the standard seasond research normally
available and are very profitable. The chapter dso discusses severd is-

sues relating to rhe proper use of seasondity. For example, in some mar-
kets, such as corn or other commodities that are grown, dl of the available
data should be used to calculate a seasonal. In markets like T-Bonds,
where seasona forces are influenced by the release of government re-
ports, only the past N years are used because these dates change over
time. Finaly, severd new seasona measures are presented, beginning
with the Ruggiero/Barna Seasond Index. This new indicator combines
the win percentage (Win' %) and returns into one standardized measure
that outperforms standard ways of selecting which seasona patterns to
trade. For example, 71 percent of our trades can be won by using the Rug-

giero/Barna Seasonal Index to trade T-Bonds using walk forward analy-
gs. Next, two other new indicators are explained: (1) seasond voldility
and (2) the seasonal trend index based on the trading day of the year. The

seasond volatility messure is valuable for seiting sops: for example,
when seasond volatility is high, wider stops can be used, and when it is
low, tighter stops can be used. This measure is aso good for trading op-

tions, thet is, for sdling a premium when seasond voldility is fdling. |
use my seasond trend index to filter any trend-following system. The
power of this seasond trend index was exhibited when it predicted the
trend in T-Bonds starting in mid-February of 1996. By taking the down-
side breakout in T-Bonds during that month, when our seasona trend in-
dicator was crossng above 30, | caught a short sgna worth about
$9,000.00 per contract in only a month and about $13,000.00 in only eight
weeks.

Chapter 3 shows how fundamental factors such as inflation, consumer
confidence, and unemployment can be used to predict trends in both in-
terest rates and stocks. For example, one market timing model has been
90 percent accurate since August 1944, and would have produced better
than the standard 10 to 12 percent produced by buy and hold and was in
the market about hdf the time.

Chapter 4 discusses traditiona technica andlyss, beginning with why
some people say technical analysis does not work and why they are wrong.
Severd powerful trading strategies based on technica andysis are used
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by professond tradersto exploit inefficiencies in the markets and make
money. These dtrategies range from position to day trading.

Chapter 5 explains what the commitment of traders (COT) report is,
how it is reported, and how to use it to develop market timing models.
Severd system examples are provided.

Chapter 6 is an overview of how general statistical analysis can be ap-
plied to trading. To make you a more profitable trader, the following sta-
tistical measures are discussed:

Mean, median, and mode

Types of digtributions and their properties

Variance and standard deviation.

Interrelation of gaussian distribution, mean, and standard deviation.
Statidtica tests that are of vaue to trading system developers
Corrdation andyss.

This chapter serves as a background to much of the rest of the book.

Chapter 7 firgt explains the nature of cycles and how they reate to
real-world markets. Later, you will see how cycles can be used to develop
actud trading strategies usng the maximum entropy method (MEM), or
maximum entropy spectral analysis. MEM can be used to detect whether
amarket is currently trending, or cycling, or isin a consolidation mode.
Most important, cycles alow discovery of these modes early enough to be
of vaue for trading. A new breskout system, caled adaptive channdl
breakout, actually adapts to changing market conditions and can therefore
be used to trade dmost any market. During the period from 1/1/80 to
9/20/96, this system produced over $160,000.00 on the Yen with a draw-
down of about $8,700.00. Finally, the chapter tells how MEM can be used
to predict turning pointsin any market.

Chapter 8 shows how combining satistics and intermarket andysis
can create anew class of predictive trading technology. Fird, thereisa
revisit to the intermarket work in Chapter 1, to show how using Pearson’s
corrdaion can dgnificantly improve the performance of an intermarket-
based system. Severd trading system examples are provided, including
systems for trading the S&P500, T-Bonds, and crude oil. Some of the sys-
temsin this chapter are as good as the high-priced commercia systems.

The chapter also discusses a new indicator, predictive correlation, which
actudly tdls how rdiable a given intermarket relationship currently is
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when predicting future market direction. This method can often cut draw-
down by 25 to 50 percent and increase the percentage of winning trades.

Intermarket analysis can be used to predict when a market will have a
magor trend. This method is aso good at detecting runaway bull or bear
markets before they happen.

Chapter 9 shows how to use the current and past performance of a
given system to st intdligent exit stops and caculate the risk leve of a
given trade. This involves sudying adverse movement on both winning
and losing trades and then finding relaionships that dlow setting an op-
tima leve for a sop.

In Chapter 10, system control concept feedback is used to improve the
reliability and performance of an exiding trading strategy. You will learn
how feedback can help mechanica trading systems and how to measure
system performance for use in a feedback model. An example shows the
use of asystem’s equity curve and feedback to improve system perfor-
mance by cutting drawdown by amost 50 percent while increasing the
average trade by 84 percent. This technology is little known to traders
but is one of the most powerful technologies for improving system per-
formance. The technology can also be used to detect when a system is no
longer tradable-before the losses begin to accumulate.

Chapter 11 teaches the basics of many different advanced technolo-
gies, such as neura networks, machine induction, genetic algorithms, sta-
tistica paitern recognition, and fuzzy logic. You will learn why each of
these technologies can be important to traders.

The next three chapters tell how to make subjective analysis mechani-
cad. Chapter 12 overviews making subjective methods mechanicdl. In
Chapter 13, | explan Tom Joseph's work, based on how to identify me-
chanica Elliott Wave counts. Actual code in TradeStation’s EasyLanguage
is included. In Chapter 14, | develop autorecognition software for identi-
fying candlestick patterns. A code for many of the most popular forma-
tions, in EasyLanguage, is supplied.

The next topic is trading system development and testing. Chapter 15,
on how to develop a reliable trading system, will wak you through the de-
velopment of a trading system from concept to implementation. Chap-
ter 16 then shows how to test, evaluate, and trade the system that has been

developed.
In the final chapters, | combine what has been presented earlier with

advanced methods, such as neurd networks and genetic dgorithms, to
develop trading strategies.

Introduction 5

Chapter 17 discusses data preprocessing, which is used to develop
models that require advanced technologies, such as neura networks. The
chapter explains how to transform data so that a moddling method (e.g.,
neura networks) can extract hidden reaionshipsthose that normally
cannot be seen. Many times, the outputs of these models need to be
processed in order to extract what the model has learned. Thisis caled
postprocessing.

What is learned in Chapter 17 is applied in the next three chapters.
Chapter 18 shows how to develop market timing models using neurd
networks and includes a fully disclosed red example for predicting the
S&P500. The example builds on many of the concepts presented in ear-
lier chapters, and it shows how to transform rule-based systems into
supercharged neura network models.

Chapter 19 discusses how machine learning can be used to develop
trading rules. These rules assst in developing trading systems, sdlecting
inputs for a neurd network, sdlecting between systems, or developing
consensus forecasts. The rules can also be used to indicate when a model
developed by another method will be right or wrong. Machine learning is
avery exciting area of research in trading system devel opment.

Chapter 20 explains how to use genetic adgorithms in a variety of
financid gpplications

Deveoping trading rules

Switching between systems or developing consensus forecasts.
Choosing money management applications.

Evolving a neura network.

The key advantage of genetic dgorithmsis that they alow traders to
build in expertise for selecting their solutions. The other methods pre-
sented in this book do not offer this feature. Following a discussion of
how to develop these applications, there is an example of the evolution of
atrading sysem usng TSEvolve, an add-in for TradeStation, which links
genetic dgorithms to EasyLanguage. This example combines intermarket
andysis and standard technica indicators to develop patterns for T-Bond
market trades.



Part One

CLASSICAL MARKET
PREDICTION

1

Classical Intermarket
Analysis as a Predictive Tool

WHAT IS INTERMARKET ANALYSIS?

Intermarket analysis is the study of how markets interrelate. It is vauable
asatoal that can be used to confirm sgnals given by classica technica
andysis as well as to predict future market direction. John J. Murphy,
CNBC’s technical analyst and the author of Intermarket Technical Analy-
gs (John Wiley & Sons, 1991), is conddered the father of this form of
anaysis. In his book, Murphy analyzes the period around the stock mar-
ket crash of October 19, 1987, and shows how intermarket anadysis
warned of impending disaster, months before the crash. Let's examine
some of the intermarket forces that led to the 1987 stock market crash.

Figure 1.1 shows how T-Bonds began to collapse in April 1987, while
stocks rallied until late August 1987. The collapse in the T-Bond market
was a warning that the S&P500 was an accident waiting to happen; nor-
madly, the S&P500 and T-Bond prices are postively corrdated. Many
inditutions use the yidd on the 30-year Treasury and the earnings per
share on the S& PS00 to estimate a fair trading vaue for the S&P500.
Thisvaueis used for ther asset alocation modds.

T-Bonds and the S&P500 bottomed together on October 19, 1987, as
shown in Figure 1.2. After that, both T-Bonds and the S&P500 moved in
a trading range for severd months. Notice that T-Bonds rdlied on the

9
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FIGURE 1.1 The S&P500 versus T-Bonds from late December 1986 to
mid-September 1987. Note how stocks and T-Bonds diverged before the
crash.
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FIGURE 1.2 The S&P500 versus T-Bonds from mid-September 1987 to
early May 1988. T-Bonds bottomed on Black Monday, October 19, 1987.
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day of the crash. This was because T-Bonds were used as a flight to
safety.

T-Bond yields are very strongly corrdated to inflation; higoricdly,
they are about 3 percent, on average, over the Consumer Price Index
(CPI). Movements in the Commaodity Research Bureau (CRB) ligtings
ae normaly reflected in the CPl within a few months. In 1987, the CRB
had a bullish breskout, which was linked to the collgpse in the T-Bond
market. This is shown in Figure 1.3. The CRB, a basket of 21 commodi-
ties, isnormaly negatively corrdated to T-Bonds. There are two differ-
ent CRB indexes: (1) the spot index, composed of cash prices, and (2) the
CRB futures index, composed of futures prices. One of the main differ-
ences between the CRB spot and futures index is that the spot index is
more influenced by raw industrid materids.

Eurodollars, a measure of short-term interest rates, are positively cor-
related to T-Bonds and usudly will lead T-Bonds at turning points. Fig-
ure 1.4 shows how a breakdown in Eurodollars preceded a breakdown in
T-Bonds early in 1987.
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FIGURE 13 T-Bonds versus the CRB from October 1986 to June 1987.
The bullish breakout in the CRB in late March 1987 led to the collapse in
the T-Bond market in April 1987.
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FIGURE 1.4 T-Bonds versus the Eurodollar for the period September
1986 to May 1987. The breakdown in Eurodollars in late January 1987
preceded the collapse in the T-Bond market in April 1987.

Figure 1.5 shows how the gold market began to accelerate to the upside
just as Eurodollars began to collapse. Gold anticipates inflation and is
usually negatively correlated with interest-rate-based market rates such
asthe Eurodallar.

Analysis of the period around the crash of 1987 is vauable because
many relaionships became exaggerated during this period and are easer
to detect. Just as a total SOlar eclipse is valuable to astronomers, techni-
ca analyss can learn alot by studying the periods around magor market
events.

Given this undergtanding of the link between the S&P500 and
T-Bonds, based on the lessons learned during the crash of 1987, we will
now discuss intermarket anayss for the S& P500 and T-Bonds in more
detail.

Figure 1.6 shows that T-Bonds peaked in October 1993, but the
S&P500 did not pesk until February 1994. The collapse of the bond mar-
ket in early 1994 was linked to the mgjor correction in the S&P500, dur-
ing late March.
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FIGURE 1.5 Eurodollars versus Comex gold for the period mid-October
1986 Lo july 1987. Eurodollars collapsed as gold began to accelerate to
the upside.
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FIGURE 1.6 The S&P500 versus T-Bonds for the period August 1993 to
April 1994. The 1994 bear market in T-Bonds led to the Jate March
correction in the S&P500.

13



14 Classical  Market  Prediction

T-Bonds continued to drop until November 1994. During this time, the
S&P500 wasin atrading range. The S&P500 set new highsin February
1995 after T-Bonds had rdlied over sx points from their lows. This ac-
tivity is shown in Figure 1.7.

Figure 1.8 shows the Eurodollar collapse very early in 1994. This col-
lapse led to a correction in the stock market about two weeks later. This
correction was the only correction of more than 5 percent during al of
1994 and 199%.

Figure 1.9 shows that the Dow Jones Utility Average (DJUA) aso led

the S&P500 a maor tops. The utilities topped in September 1993-a

month before bonds and five months before stocks.

Figure 1.10 shows that the S&P500 and DJUA both bottomed together
in November 1994.

With this background in intermarket relaionships for the S&P500,
let's pow discuss the T-Bond market.
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FIGURE 1.7 The $&P500 versus T-Bonds for the period September
1994 to May 1995. When T-Bonds bottomed in November 1994, stocks
did not break the February 1994 highs until February 1995.
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FIGURE 1.8 The S&P500 versus Eurodollars for the period September
1993 to May 1994. The collapse in Eurodollars was linked to the late
March 1994 correction in the stock market.
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FIGURE 19 The S&P500 versus the Dow Jones Utility Average for the
period July 1993 to March 1994. The DJUA peaked in September 1993.
Stocks did not peak until February 1994.

15



16 Classical Market Prediction

SEP 500 NDEX 55/99-Daily 09M585 C=58940 +20 0=563.00 H=58050 L=56550

510.00
ki
‘fau can also 2ee that the bottom 11 the uilfies h;“|'|| 50008
occurred of the same time as the bottom in the |
SP500 and as wtilies ralied so did the SPS00 hulln 490,00
| I;ﬁ“ ! |

h[ |-460 00
I N
il

IN hl“ 470,00

i,
‘Inl h \ml { I' 'lﬁl I'NII' ' ") phl|r l' oo

e
o d ﬂl 1'11*'1!;"

ll }hII

DULA-Daily 091585 C=206.76 -13 O=206.89 H=206.15 L=205.44 W 196 00
i le It 1190 00
ity Yl LT o

ot Ml by il F

i“Illﬁ|lli|"m|ﬂf I‘i[}“'fm'[pm l iy i } L172.00
. 5 o N o g5 F W A

FIGURE 1.10 The S&P500 versus the Dow Jones Utility Average for the
period August 1994 to April 1995. The S&P500 and the DJUA bottomed
together in November 1994 and rallied together in 1995.

Figure 111 shows that the Dow Jones Utility Average (DJUA) led the
bond market at the top during several weeksin late 1993. The DJUA is
made up of two different components: (1) eectricd utilities and (2) gas
utilities. Before T-Bonds turned upward in late 1994, the eectricd util-
ities began to rdly. Thisrdly was not seen in the DJUA because the gas
utilities were in adowntrend. This point was made during the third quar-
ter of 1994 by John Murphy, on CNBC’s “Tech Tak.” Figure 1.12 shows
how the electricd utilities are corrdated to T-Bond future prices.

One of the mogt important things that a trader would like to know is
whether a current rdly is just a correction in a bear market. The Dow
20 Bond Index, by continuing to make lower highs during 1994, showed
that the rally attempts in the T-Bond market were just corrections in a
bear market. This is shown in Figure 1.13. The Dow 20 Bond Index is
predictive of future T-Bond movements, but it has lost some of its pre-
dictive power for T-Bonds because it includes some corporate bonds
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FIGURE 1.11 The T-Bond market versus the Down Jones Utility
Average. The DJUA peaked a few weeks before T-Bonds in late 1993
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FIGURE 1.12 T-Bonds versus the Philadelphia electrical utility average
for the period August 1994 to February 1995. The electrical average
turned up before T-Bonds in late 1994.
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FIGURE 1.13 T-Bonds versus the Dow 20 Bond Index for the period
March 1994 to November 1994. The Dow 20 Bond Index is in a
downtrend, and short-term breakouts to the upside fail in the T-Bond

market.

that are convertible to stock. This property aso makes the Dow 20 Bond
Index avery good stock market timing tool.

Copper isinversdy correlated to T-Bonds, as shown in Figure 1.14.
The chart shows that copper bottomed in late 1993, just as the T-Bond
market topped. The copper-T-Bond relaionship is very stable and reli-
able; in fact, copper is a more reliable measure of economic activity than
the CRB index.

Many other markets have an effect on T-Bonds. One of the most im-
portant markets is the lumber market. Lumber is another measure of the
grength of the economy. Figure 1.15 shows how T-Bonds have an inverse
relationship to lumber and how lumber is predictive of T-Bonds.

Crude ail prices, another measure of inflation, are inversely correlated
to both T-Bonds and the Dollar index. The inverse correlation of crude oil
and T-Bonds is depicted in Figure 1.16.
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FIGURE 1.14 T-Bonds versus high-grade copper. Copper bottomed in
late 1993 just as T-Bonds topped.
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FIGURE 1.15 T-Bonds versus lumber from late September 1995 to the
end of March 1996. Lumber was in a downtrend during late 1995 while
T-Bonds were rising.
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FIGURE 1.16 T-Bonds versus crude oil. In general, T-Bonds and crude
oil have a negative relaionship.

Many other markets are predictive of T-Bonds. For example, many of
the S&P500 stock groups have strong positive or negative correlaion to
T-Bond prices. Some of these groups and their relationships are shown in
Table 1.1.

We will now discuss the Dallar, which is normdly negetively corre-
lated with the CRB and gold. Figure 1.17 shows that the breakout in gold
in early 1993 led to a double top in the Dollar. Later, when gold and the
CRB stahilized a higher levels, the Dollar had a major decling, as shown
in Figure 117.

Let'snow look at foreign currencies, The Deutsche Mark (D-Mark)
was in a mgor downtrend during 1988 and 1989 and so was Comex gold.
The D-Mark and gold broke out of the downtrend at the same time, as
shown in Figure 1.18.

Another intermarket that has a mgor effect on the currencies is
T-Bonds. In the December 1993 issue of Formula Research, Nelson Free-
burg discussed the link between T-Bonds and the currencies. T-Bonds and
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TABLE 1.1 T-BONDS VERSUS
VARIOUS INTERMARKETS.

Stock Group Relationship to T-Bonds
S&P500 Chemical Croup Negative
S&P500 Aluminum Index Negative
S&P500 croup Steel Negative
S&P500 Oil Composite Negative
S&P500 Saving and Loans Positive
S5&P500 Life Insurance Positive

foreign currencies are positively correlated. On a longer-term basis, this re-
lationship makes sense. When interest rates drop, Dollar-based assets be-
come less attractive to investors and speculators. Foreign currencies gain
a competitive edge, and the Dollar begins to weaken. Freeburg's research
has aso shown that the link between T-Bonds and foreign currencies is
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FIGURE 1.17 The Dollar index, Comex gold, and the CRB index weekly
from mid-1992 to early 1995. The breakout in the CRB and gold in early
1995 was linked to a double top and then a collapse in the Dollar.
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FIGURE 1.18 The weekly chart of the D-Mark versus Comex gold for
the period early 1988 to late 1990. Both the D-Mark and gold were in a
downtrend that was broken in late 1989.

stronger than the link between T-Bills or Eurodollars and currencies. Fig-
ure 1.19 shows the link between the Yen and T-Bonds.

Our next subject is the precious metds-gold, slver, and platiinum.
Figure 1.20 shows that, on a weekly basis, gold, slver, and platinum move
together, and slver and platinum usudly turn afew days before gold at
magor turning points.

Let's now see how the gold stocks can be used to predict gold prices.
The XAU (Pniladelphia gold and silver index) usualy leads gold at mgor
turning points. Figure 1.21 shows that the gold stocks bottomed about
three months before gold did. The gold stocks also had a higger percent-
age of increase because the gold stocks are leveraged. For example, if
XYZ Mines has a production cost of $330.00 per ounce and gold is sell-
ing for $350.00, then XY Z will make $20.00 an ounce. If gold risesto
$370.00 an ounce, XYZ has doubled its profits.

Figure 1.22 shows that the double top in gold stocks contributed to the
breakdown in gold.
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FIGURE 1.19 T-Bonds versus the Yen for the period late January 1996

to late July 1996. T-Bonds and the Yen are positively correlated.
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FIGURE 1.20 Comex gold, Comex silver, and platinum on a weekly
basis for the period early 1993 to late 1995. The three metals move
together.
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FIGURE 121 Comex gold versus the XAU index for the period
September 1992 to May 1993. The XAU bottomed 3.5 months before
gold in early 1993.
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FIGURE 1.22 Comex gold versus the XAU during the period May 1993
to December 1993. A double top in the XAU led to the collapse of gold in
August 1993.
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Turning now to crude ail, Figure 1.23 shows that crude is negetively
correlated to the Dollar. Notice that the raly in the Dollar during late
1993 was linked to the collgpse of crude oil down to its lows around
$1400 a bared.

When the Dollar collapsed during early 1994, it caused crude to rdly
to over $20.00. When the dollar stabilized, crude prices dropped, as
shown in Figure 1.24.

We will now examine the link between oil stocks and crude oil. As Fig-
ure 1.25 shows, the XOI (Philaddphia oil stock index) turns either with
or a few days ahead of crude oil.

Figure 1.26 shows that the XOI link to crude can disappear. The XOI
rose as part of a bull move in the generd market during 1995. When the
dollar bottomed and began to stabilize, crude collgpsed even though the
XOI was ralying.

Now that You have a basc understanding of intermarket relationships
for various markets, let’s apply it to developing subcomponents for me-
chanicd trading systems. Mogt intermarket reationships between the
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FIGURE 123 Crude oil versus the Dollar index. An uptrend in the
Dollar during late 1993 was linked to a collapse in crude.
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FIGURE 1.24 Crude oil for the period October 1993 to June 1994. As

the dollar topped, crude began to bottom and then rallied to over $20
barrel in June 1994.
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FIGURE 1.25 Crude oil versus the XOl from late July 1994 to March
1995. The XOI normally leads turns in the crude oil market.
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FIGURE 1.26 Crude oil versus the XOI for the period December 1994
to August 1995. Sometimes the link between crude and the XOI can
break down. Here, the XOI decoupled from oil as part of a stock market
rally.

market you are trading (Traded Market) and another commodity (X) can
be classified as shown in Table 1.2.

Having gained an understanding of the theory behind how different
markets may interact, let’s use these interactions to develop trading
methodologies that give us an edge.

USING INTERMARKET ANALYSIS TO DEVELOP
FILTERS AND SYSTEMS

The S&P500 futures contract rose about 410.55 points during its3,434-
day trading history as of early February 1996. This represents an average
rise of about 0.120 point per day or $60.00 per day on a futures contract.
Let's now examine how the S&P500 has done when T-Bonds are above or
below their 26-day moving average. The theory is. You should be long
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TABLE 1.2 TYPES OF INTERMARKET RELATIONSHIPS.

Event Action

X'is in an uptrend Buy Traded Market
X isin a downtrend Sel Traded Market
Xisin an uptrend Sel Traded Market
X is in a downtrend Buy Traded Market
X is up and Traded Market is down Buy Traded Market
X is down and Traded Market is up Sel Traded Market
X is down and Traded Market is down Buy Traded Market
X is up and Traded Market is up Sel Traded Market
If X/Traded Market > average (X/Traded Market) Buy Traded Market
if X/Traded Market < average (X/Traded Market) Sel Traded Market
If X/Traded Market < average (X/Traded Market) Buy Traded Market
if X/raded Market > average (X/Traded Market) Sel Traded Market

X is an intermarket used in your study,

only when you are above the moving average, and be short only when you

are below it. We are using the 67/99 type back-adjusted continuous con-
tract supplied by Genesis Financid Data Services. without dippage and

commissons. Using these smple rules, you would have been long 2,045
days and short 1,389 days. During this time, the market rose an average
of 0.204 point per day when you would have been long, and fell an aver-

age of -0.0137 point when you would have been short. This means that
you would have outperformed the S&P500 while being in the market only
59 percent of the time. During the other 41 percent of the time, you would
have been in a money market earning interest risk-free. By subdividing
the market, based on whether T-Bonds were trending up or down, we pro-
duced two subsets of days, and their distributions are very different from
those of the complete data set.

We can dso use the ratio between two markets. As an example, let's
look at the ratio of T-Bonds to the §&P500. When thisratio is above its
28-day average, you buy; when it's below, you sell. Once again, this sSm-
ple method would have outperformed buy and hold. This simple ratio test
made 424.00 points on the long side in 1,740 days, or 0.2437 point per
day. It also made 47.75 points on the short side in 1,650 days, or -0.028
point per day.

When it was long, the market moved higher 70 percent of the time;
when it was short, it moved lower 56 percent of the time.
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Let's now look at how we can use the relationship between Eurodollars
and the S&P500, employing the ratio of Eurodollars/S&P300. We would
have been bullish when the ratio was above its |O-day moving average,
and bearish when it was below. When thisratio was above its average,
the market rose 457.85 points in only 1,392 days, or 0.3289 point per day.
When it was bearish, the market fell 91.35 points in 1,903 days, or -0.048
point per day. You would have outperformed buy and hold by 11.6 percent
while being in the market only about 40 percent of the time. When this
modd is bullish, the market rises 77 percent of thetime; when it is bear-
ish, it falls 66 percent of the time.

How can smple intermarket relationships be used to give us adatis
tica edge in the bond market? Using the Philadelphia Utilities average
as an example, we will buy T-Bonds when this average crosses above its
moving average and sdll when it crosses beow. By usng these smple
rules, a 40-day Smple moving average works best. During the period
from 1/4/88 to 5/13/96, this smple modd produced $72,225.00 on 133
trades-an average trade of $543.05, after $50.00 dippage and commis-
sons. The drawdown was high (dmog ~$15,000.00), but it does show
that this data series is predictive of T-Bonds.

Let’s now discuss trading crude oil. We showed earlier that crude ol
isinversdy corrdated to the Dollar. How can we use thisinformation to
help predict crude oil? We will buy crude when the Dallar is below its
moving average and sell it when it is above. We tested parameters for this
moving average between 10 and 50, in steps of 2. We will use a continu-
ous backadjusted contract for our analyss.

All but four of these parameters were profitable on both sides of the
market. Over three-fourths of them made more than $40,000.00. The best
combination, based on both performance and robustness, was a 40-day
moving average.

Table 1.3 shows the results using a 40-day moving average for the pe-
riod from 1 1/20/85 to 5/17/96, with $50.00 deducted for dippage and
CoOmmMIssions.

USING INTERMARKET DIVERGENCE TO TRADE THE S&P500
Divergence is a vauable concept in developing trading systems. Com-

bining divergence and intermarket analysis, we define intermarket diver-
gence as the traded market moving in an opposte direction to what was
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TABLE 1.3 SIMPLE CRUDE/DOLLAR SYSTEM.

Net profit $56,421 .00
Profit long $42,200.00
Profit short $4,221 .00
Win% 49

Average trade $316.97
Drawdown -$11,290.00
Profit factor 2.02

Profit factor = Cross profit/Grass losses.

expected. If we trade the S&P500, for example, T-Bonds rising and the
S&P500 faling would be divergence. On the other hand, if we trade
T-Bonds, gold rising and T-Bonds rising would also be defined as diver-
gence because these two markets should be negatively correlated.

Using an add-in we developed for both SuperCharts™ and Trade-
Station™, we were able to easily test intermarket divergence as a method
that would yield agtatigtical edge.

We tested two different types of intermarket divergence. The firs is
a smple momentum of both the intermarket and the market being traded.
The second compares the current prices of both the intermarket and the
traded market to their respective moving averages.

Let's now anayze how divergence between T-Bonds and the S&P500
can be used to build trading systems for the S&P500. We will optimize
across the complete data set in order to simplify our examples. Normally,
when these types of systems are developed, there are at least two sets of
data. Oneis used for developing parameters and the second is used to
test them on new data. We used backadjusted continuous contracts for
the period from 4/21/82 to 2/7/96. During the data period used, buy and
hold was about $193,000.00.

Let's first analyze how divergence between the S&P500 and T-Bonds
can give an edge for forecasting the S&P300. Table 1.4 shows the top
four overdl moving average lengths (MALen) relative to prices used for
developing divergence patterns between the S&P500 and T-Bonds, with
$50.00 deducted for dippage and commissions.

Table 1.4 shows that simple intermarket divergence is a powerful con-
cept for developing atrading system for the S&P500.

When we used our tool for TradeStation and SuperCharts to analyze the
effect of T-Bonds, T-Bills, and Eurodollars on longer-term movements in
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TABLE 1.4 $&P500/T-BOND DIVERGENCE MODEL
POSITION  TRADING.

MALen MAlen
S&P500 T-Bonds Net Profit  Long Profit Short Profit Drawdown Trades Win%

16 26 $348,175.00 $267,225.00 $80,950.00 -$28,525.00 130 68%
12 30 344,675.00 265,475.00 79,200.00 -26,125.00 124 69
12 26 341,275.00 263,775.00 77,500.00 -26,125.00 130 68
14 26 333,975.00 260,100.00 73,825.00 -31,675.00 130 68

the S&P500, we discovered some very vauable relationships. Fird,
among al of the markets we have used as intermarkets to predict the
S&P500, T-Bond futures are the best for developing systems that hold
overnight positions. We aso found that using the moving average rather
than the price momentum between the two markets works better for these
longer-term systems. Our results were very robust, and smilar sets of
parameters gave us very similar results.

For longer holding periods, T-Bonds are the most predictive of the
S&P500. Let's andyze the effect of T-Bonds, T-Bills, or Eurodollars on
predicting whether the S& P500 will close higher or lower than its open-
ing average.

This is the same period we used earlier, so once again buy and hold is
about $193,000.00. Let'slook at our results, with $50.00 deducted for
dippage and commissions.

Our research showed that Eurodollars are better than T-Bonds for pre-
dicting price movements on an open-to-close basis. We dso found that
usng smple differences in our divergence patterns, rather than prices
above or below amoving average, worked better for this type of short-
term trading, Table 1.5 examines the best overal sets of parameters, with
$50.00 deducted for dippage and commissions, over the period from
4/21/82 to 2/7/96. In the table, LenTr is the period used in the momentum
for the S&P500, and Lenlnt is the period used in the momentum for in-
termarket anaysis.

The best two sets of parameters, one on the long side and one on the
short sde, used the difference between a price and its moving average.
T-Bills produced the best profit on the long Side, and T-Bonds, the best
profit on the short side. The best long-and-short combination is as follows,
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TABLE 1.5 S&P500 AND INTERMARKET
DIVERGENCE OPEN TO CLOSE.

Intermarket LenTr Lenint  Met Profit  Long Profit  Short Profit  Drawdown  Trades Win%
Euredollars 8 12 $133,710.00 $108,500.0¢ $25,210.00 -$20.775.00 1.337 54%
Eurodollars 8 8 132,810.00 102,600.00 30,219.00 -22,900.00 1,306 54
Eurodellars 10 12 131,160.00 117,875.00 13,285.00 -22,825.00 1,322 54
T-8ills 5 8 130,660.00 111,800.00 18,760.00 -26,175.00 1,400 54
Eurodollars 12 8 129,635.00  124,425.00 5,210,00 -27,675.00 1,370 54

where LenTr is the length of the moving average for the S&P500, and
Lenlnt is the length of the moving average of the intermarket:

Best long:

Intermarket  LenTr  Lenint  Long Profit Drawdown Trades  Win%
T-Bills 18 10 $135,675.00  —520,000.00 667 56%
Best short:

Intermarket  LenTr Lenlnt  Short Profit Drawdown Trades ~ Win%
T-Bonds 2 8 $39435.00  -$44.300.00 821 52%

PREDICTING T-BONDS witH INTERMARKET DIVERGENCE

Let’s now use divergence between Eurodollars and the T-Bonds for pre-
dicting T-Bonds. T-Bonds and Eurodollars are positively correlated, and
divergence between them can be used to develop either trading filters or
atrading sysem. We will trade T-Bonds using these rules.

1. If T-Bonds close below average (T-Bond close,LenTB) and Euro-
dollars close above average (Eurodallar close,LenEuro), then buy
at open.

2. If T-Bonds close above average (T-Bond close,LenTB) and Euro-
dollars close below average (Eurodollar close,LenEuro), then sl
at open.

We tested this basic relationship using different lengths of LenTB and
LenEuro for the period from 1/2/86 to 2/7/96. Our research indicated that
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divergence between Eurodollars and T-Bonds normaly resolved itself in
the direction of the Eurodollar market. We tested over 500 different com-
binations of moving average lengths and, based on both profit and sta
hility, we found that a Eurodollar length of 32 and a T-Bond length of 24
worked best. The results for these parameters, with $50.00 allowed for
dippage and commissions, are shown in Table 1.6.

Besides the relationship between Eurodollars and T-Bonds, many other
commodities are predictive of T-Bonds. We tested over 4,000 combina
tions of divergence using crude oil, lumber. XAU, gold, and copper. Be-
cause dl of these commodities or indexes have a negative correlation to
T-Bonds, we would define divergence as the commodities moving in the
same direction; that is, if T-Bonds were rising and so was the XAU, that
pattern would be defined as divergence and we would expect T-Bonds to
fdl shortly.

Our tests showed that using a price relative to amoving average pro-
duces the best results for systems that hold overnight positions. We dso
found that the XAU is the most predictive of these five markets. For ex-
ample, 39 of the top 40 most profitable combinations used the XAU. The
only non-XAU combinations of parameters were sets of parameters using
copper. The best overall set of parameters using copper used an S-day
moving average for T-Bonds and a 10-day moving average for copper. One
of the best sets of parameters used the XAU and was chosen based on
both profitability and robustness. Data were: T-Bond moving average
length = 6; XAU moving average length = 34.

Our results during the period from 1/1/86 to 3/18/96, with $50.00 dl-
lowed for dlippage and commissions, are shown in Table 1.7.

TABLE 1.6 INTERMARKET DIVERGENCE
SYSTEM T-BONDS/EURODOLLARS.

Net profit $63,593.75
Profit  long $55,431.25
Profit  short $8.275.00
Win% 59

Average trade $1,447.87
Drawdown ~$13,331.25
Profit factor 2.57
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TABLE 1.7 INTERMARKET DIVERGENCE
T-BONDS/XAU.

Net profit $101,250.00
Profit  long $74,250.00
Profit ~ short $27,000.00
Trades 110

Win% 66

Average trade $920.45
Drawdown -$16,793.75

These results are not good enough for stand-alone trading, but they
make a great indicator to give you an edge.

Another nontradable but very interesting set of parameters uses a 2-day
moving average for both T-Bonds and the XAU index. This combination
made $95,668.75 during our development-and-testing period and won 61
percent of its trades. What makes it interesting is that it trades once a
week. The drawdown is high (over $35,000.00), but this is a good short-
term directional filter. Our research shows that, based on the divergence
found, lumber is the next most predictive market after the XAU, and gold
is a distant third. Crude oil was the least predictive of al of the markets
studied.

We dso tested the divergence between the CRB cash and the CRB
futures and found that the CRB futures have been more predictive of
T-Bonds. Using a simple model that was bullish when T-Bonds and the
CRB were below their moving average, and bearish when T-Bonds and
the CRB were above their moving average, we found that using 10 days
for the moving average of T-Bonds and 16 days for the moving average
of the CRB futures produced both profitable and stable results. This
combination produced over $92,000.00 in net profit from 1/12/86 to
3/18/96 while winning 67 percent of its trades. The maximum drawdown
was about —$13,000.00. These divergence models based on the CRB per-
formed badly in 1989, 1993, and 1994, and very well in the other years.

Earlier in this chapter, we saw how the Philadelphia electrical utility
average was predictive of T-Bonds (see Figure 1.12). Let’s now see how
using intermarket divergence between this average and T-Bonds can
produce great results for trading T-Bonds. We optimized the period
from 6/1/87 to 6/18/96 for both grice difference and price, relative to a
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TABLE 1 .8 INTERMARKET DIVERGENCE

T-BONDS/UTY.
Net profit $98,937.50
Trades 90
Win% 64
Average trade $1,000.31,
Maximum drawdown -$9,506.25
Profit factor 3.08

moving average from 2 to 30 in steps of 2. Over 25 percent of these com-

binations generated more than $10,000.00 a year; 165 of them produced
65 percent or more winning trades. On the basis of our analysis for both
profitability and robustness, we selected a set of parameters that used
price relative to a moving average. The moving average used an §-day pe-
riod for T-Bonds and a 24-day period for the UTY index. This was not the

most profitable, set of parameters-in fact, it was seventh on our list. Four
other sets of parameters produced more than $100,000.00 during this pe-
riod. Table 1.8 shows the results during the analysis period for the se-

lected set of parameters.

PREDICTING COLD USING INTERMARKET ANALYSIS

Let's now discuss the gold market. Using divergence, we will examine
the relationship between gold and both the XAU and the D-Mark. The
XAU is an index of American gold mining stocks and is positively
correlated to gold, as is the D-Mark. We begin by testing the following
relationship:

1. XAU up, gold down, D-Mark up = buy gold.
2. XAU down, gold up, D-Mark down = sell gold.

We defined up and down as a given market’s being above or below its N-
day exponential moving average (EMA). Our test rules have been tested
in the period from 1/3/84 to 2/8/96 using backadjusted continuous con-
tract data. The rules are:
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1. If XAU is greater than XAverage (XAU,Lenl), gold is less than
XAverage (Gold,Len2), and the D-Mark is greater than XAverage
{(D-Mark,Len3), then buy at open.

2. If XAU isless than XAverage (XAU,Lenl), gold is greater than
XAverage (Gold.Len2), and the D-Mark is less than XAverage
(D-Mark,Len3), then sdll a open.

We tested these rules using different vaues for Lenl, Len2, and Len3
over the period from 1/3/84 to 2/8/96. This period was sdlected because
1/3/84 was the tarting point for the XAU Index. We found that the in-
termarket relationship among these three data series was very stable and
profitable during the selected time period.

We tested Lenl and Len2 from 10- to 20-day periods, and Len3 from
16-to 24-day periods. We found that al 121 tests we ran were profitable.
On the long side, 106 of them made money, and al of them made money
on the short side. About haf of them made more than $40,000.00 in
net profit, and dmost 75 percent of them had drawdowns of less than
-$10,000.00. We found that the best parameters were 12, 10, and 20.
Using this set of parameters, with $50.00 deducted for dippage and com-
missions, the results over our test period were as shown in Table 1.9.

USING INTERMARKET DIVERGENCE TO PREDICT CRUDE

Earlier in this chapter we showed how a smple moving average of the
Dallar index could be used to predict crude oil (see Figure 1.23). Let's
now use divergence between the Dollar and crude il to trade the crude.
We found that using a moving average relative to price-type divergence

TABLE 1.9 RESULTS OF INTERMARKET DIVERGENCE
PREDICTING COLD USING GOLD, XAU, AND D-MARK.

Net profit $60,360.00 + $1,980.00 open
Trades 54 + open

Win% 65

Average trade $1,117.78

Drawdown -$6,910.00

Profit factor 454 "
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performed well. This type of divergence mode traded much more than
our smple moving average model and had a much higher winning per-
centage. For example, al2-day moving average for crude oil and an 18-

day moving average for the Dollar proved to be a robust pair of parameters

that performed very well. The results for this set of parameters for the pe-
riod from 1/2/86 to 5/17/96, with $50.00 deducted for dippage and com-
missions, are shown in Table 1.10.

This set of parameters was picked for its profitability and stability. It
was not the most profitable set of parameters; for example, ai2-day av-
erage for crude and an 8-day average for the Dollar produced over
$50,000.00. This relationship between the Dollar and crude was very sta-
ble for 78 out of the 90 tests, won more than 60 percent of the trades, and
had a positive net profit in every test but one. The net profits of dl of the
pairs of parameter values cluster between $40,000.00 and $50,000.00; in
fact, 30 of them made more than $4(,,000.00 and 65 of them made more
than $30,000.00.

The Dallar index is not the only intermarket that can be used with the
concept of divergence to predict crude. The XQI index, an index of ail
stocks, is adso predictive of crude oil. We use prices rdated to amoving
average as our measure of an uptrend or a downtrend. When the XOI is
up and crude is down, then buy crude; when the XOI is down and crude
is up, then sell crude. We found that a moving average length of 2 days for
crude and 16 days for the XOI produced good results during the period
from | 1/7/84 to 5/17/96. This combination produced $49,271.00 during
this period and had 63 percent winning trades. It is not tradable as a sys-
tem because the drawdown is much too high (=$19,000.00), but it does
show that the XOI is predictive of future il prices. The XQI is not the

TABLE 1 .10 RESULTS OF INTERMARKET
DIVERGENCE CRUDE/DOLLAR INDEX.

Net profit $46,171 .00
Profit long $38,1 80.00
Profit short $7,991 .00
Trades 134

Win% 68

Average trade $344.56
Drawdown -$1 1.690.00
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only index that is predictive. The S&P500 oil-based stock groups are very
predictive of the future oil price; in fact, some of these groups are used
in systems that we have developed for our clients.

PREDICTING THE YEN WITH T-BONDS

We showed earlier that T-Bonds are positively correlated to the curren-
cies. Let's now see what happens when we use divergence between the
Yen and T-Bonds to predict the Yen. They are positively correlated, so we
would want to buy the Yen when T-Bonds rise and the Yen falls. Using a
67/99 type for the period from 1/1/80 to 3/18/96, we found that a sSimple
difference worked better at predicting the Yen than prices relative to a
moving average. We tested parameter lengths between 12 days and 40
days for both types of divergence and found that al of the top 84 sets of
parameters used system difference between prices and not a moving
average. On the basis of our analysis, we found that a 34-day difference
between both T-Bonds and the Yen produced both profitable and stable
results. Our results with this pair of parameters, alowing $50.00 for dlip-
page and commissions, are shown in Table 1.11.

These results are impressive except for the drawdown, which was
caused by two large losing trades. One closed in 1989 and the other in
1995. These large losses occurred because this is a stop-and-reverse sys-
tem and the market did not produce a divergence between the Yen and
T-Bonds for 8 months and a little over a year, respectively.

TABLE1 .11 RESULTS OF INTERMARKET
DIVERGENCE YEN/T-BONDS.

Net profit $97,875.00
Profit long $67,162.50
Profit ~ short $30,712.50
Win% 71
Average trade $1.075.55
Crawdown -$20,312.50
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USING INTERMARKET ANALYSIS ON STOCKS

Intermarket analysis is aso a vauable tool when you trade some indi-
vidual stocks. A classic example is the inverse relationship between East-
man Kodak and silver, shown in Figure 1.27. The relationship is based on
Kodak’'s use of silver for processing film.

Let’s now use the concept of intermarket divergence to try to predict
the future direction of Kodak stock. Because Kodak and silver are nega-
tively correlated, we can develop a system for trading Kodak using di-
vergence between silver and Kodak. Our rules are as follows:

1. If Kodak is less than Kodak [Lenl] and silver is less than slver
[Len2], then buy at open.

2. If Kodak is more than Kodak [Lenl] and silver is more than si-
ver fLen2], then sell at open.
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FIGURE 1.27 Eastman Kodak wversus cash silver for the period
September 1995 to January 1996. As silver was in a downtrend, Kodak
rallied.
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We tested 256 different sets of parameters for lenl and Len2. Of
these, all of the parameters between 10 days and 40 days were profitable
during the period from 7/29/80 to 4/22/94. We started in 1980 because
the relationship between silver and Kodak was upset during the Hunt
Crisis* of the late 1970s. During this time, silver rose to over $50.00 an
ounce.

The results of our tests were very stable, and we found that 18 days
and 48 days were the best parameters for Len] and Len2. During our test-
ing of 256 sets of parameters in this range, we found that all of them out-
performed buy and hold on this stock. Another impressive fact was that
this divergence pattern had between 63 percent and 78 percent winning
trades across all 256 combinations. The number of trades varied from 75
to 237 during this 14-year period, using different sets of parameters.

The results for the selected set of parameters, without any allowance
for dippage and commission, are shown in Table 1.12. Amounts are for
only one share of stock.

Many life insurance companies and financial ingtitutions are positively
correlated to interest rates; as an example, let's look at U.S. Life Corpo-
ration and T-Bonds. Using divergence measured by a 22-day moving av-
erage for U.S. Life and a 28-day moving average for T-Bonds produced
good results. This combination gained more than $31.00 a share and rose
73 percent of the time when the market was set up for bullish divergence.

In another example, we will use T-Bond futures to predict Pegasus
gold. Our research has shown that Pegasus gold has a positive correlation
to T-Bonds. This might sound odd, but it does make some sense. Gold
stocks normally lead gold prices at mgjor turning points. For example,
the biggest move in the XAU was produced when T-Bond futures rose to
al-time highs during 1993. Lower interest rates are viewed as a stimulus
to the economy. This will lead to arise in gold prices. We used a 12-day
moving average for Pegasus and a 30-day moving average for T-Bonds.
During the period from 4/17/86 to 3/8/96, this stock rose from $6.25 to
$15.00; using our selected parameters would have produced a profit of
$51.72 per share while winning 67 percent of its trades. Profits, equally
divided on the long and short sides, represented over 80 percent per year
before dlippage and commissions.

* During the late 1970s, the Hunt family tried to corner the silver market. The gov-
ernment sold silver and caused a collapse from $50 an ounce to less than $4.
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TABLE 1.12 RESULTS OF INTERMARKET
DIVERGENCE KODAK/SILVER.

Net profit $117.87
Profit  long $64.91
Profit  short $52.97
Win% 70
Average trade $0.74
Drawdown -816.5'p

These impressive results show that intermarket analysis is powerful
even when trading certain individua stocks.

The above examples show that intermarket analysis does have predic-
tive value. We optimized some of the parameters used in the examples.
If we were developing rea trading systems, we would have split our data
into three sets: (1) a development set, (2) a testing set, and (3) an out-of-
sample set. We would have optimized on the development set, and then
tested on the testing and out-of-sample sets. Furthermore, we would not
have selected only the most profitable sets of parameters. The parameters
selected should offer both good returns and neighboring sets of parame-
ters that produce similar results. The flatter the profit surface, the more
likely the system will be robust. These intermarket relationships are so
strong that even the most profitable set of parameters is surrounded by
other very profitable pairs. For this reason, the parameters selected
should be reasonably robust and should hold up well into the future. These
intermarket relationships will reappear in later chapters, when we de-
velop trading systems using advanced technologies such as neura net-
works and genetic algorithms.



2
Seasonal Trading

Many commodities, and even some individua stocks or stock groups,
have recurring fundamenta factors that affect their prices. These forces
can be seen by analyzing a market by day of week, day of month, or day
of year. This is caled seasond trading.

TYPES OF FUNDAMENTAL FORCES

Three types of fundamenta forces cause seasond trading patterns. The
first type is based on events that have fixed or relatively fixed dates. Ex-
amples are: The pollination of corn in late June and early July, and the fil-
ing of federd tax returns on April 15.

Many seasonal forces are related to events for which the date could
change-for example, the government’ s release of the current unemploy-
ment numbers. If these dates remain fairly congtant for many years, then
seasond effects can be identified. If these dates change dightly, it may
look as if the seasond pattern has changed when, in actudity, the sea
sonal hias relative to the reports has not changed. For example, the Thurs-
day before the monthly unemployment number is scheduled to be
announced has a downward bias in the T-Bond market.

The third type of fundamental forces is based on human psychological
factors. For example, in the stock market, Mondays have an upward bias
because many traders exit their postions on the preceding Friday and
reenter them on Monday. This Monday bias has existed at least since the
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1970s, but it has been magnified since the 1987 Black Monday crash. For
example, since the 1987 crash, Mondays have had an upward bias of over
.60 point per trade, or about $300.00, on a futures contract on an open-
to-close basis. Before the crash, the bias was about $138.00 per trade.
The crash magnified the fear of hold positions over a weekend. This fear
enhanced the upward bias on Mondays and changed the psychology of the
market.

CALCULATING SEASONAL EFFECTS

Now that we understand why seasond trading works, let’s discuss dif-
ferent ways of cdculating these measures.

The dmplest method is to use price changes-different prices from
open to close or from close to close. This type of seasona anaysis works
very well for day-of-week and day-of-month analyses. When calculating
seasonality on a yearly basis, price changes or several other methods can
be used to capture the effects of these recurring fundamental forces.

One dternate method is to calculate the seasond effect using a de-
trended version of the data. The smplest way to detrend a price series is
to subtract the current price from a longer-term moving average. Another
popular method for caculating seasondity is to standardize the data on
a contract-by-contract or year-by-year basis-for example, by identify-
ing the highest or lowest price on each contract or year and using it to
create a scaed price.

MEASURING SEASONAL FORCES

Let's first discuss measuring these seasonal forces based on the day of the
week. Day-of-week forces can be measured in several ways. The first way
IS to measure the change on an open-to-close or a close-to-close basis-for
example, measure the close-to-open change every Monday on the S&PS00.
Another, even more powerful, variation is to compare only one day of the
week throughout a month-Mondays in December, for example. As we will
see later, this type of analysis can produce amazing results,

Using another form of day-of-week analysis, you would map where the
high and low for a given week will occur. This information can help you
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pinpoint when, during a given week, you should take a pogtion higtori-
cdly. On a shorter-term basis, it can tell you how strong the bear or bull
market is. In bull markets, the high occurs later in the week, in bear mar-
kets, the high is earlier in the week.

The find form of day-of-week andysis is conditiond day-of-week
andysis. Buying or sdlling is done on a given day of the week, based on
some condition-for example, buy on Tuesday when Monday was a down
day. This type of andyss can produce smple and profitable trading
patterns.

Larry Williams, alegendary trader, developed the concept of trading
day-of-month analysis. This concept is very powerful for discovering hid-
den biases in the markets. There are two mgjor ways to use this type of
analysis: (1) on an open-to-close or close-to-close basis, and (2) more
often, by buying or selling on a given trading day of the month, and hold-
ing for N days. When a holding period is used, this type of andyss can
produce tradable systems by just adding money management stops.

Let's now discuss three methods for calculating seasonality on a yearly
basis, The first method originated in the work of Moore Research, which
caculates seasondlity on a contract-by-contract basis, usng a caendar
day of the year. Moore Research converts prices into a percentage of
yearly range and then projects this information to ca culate the seasond.

The second method is the work of Sheldon Knight, who developed a
seasond index he cdls the K Data Time Line. The calculation involves
breaking down each year according to the occurrences on a given day of
the week in a given month. The steps for cdculaing the K Data Time
Line are shown in Table 2.1

TABLE 21 CALCULATING THE K DATA TIME LINE.

1. identify the day-of-week number and the month number for each day to be
plotted-for example, the first Monday of May.

2. Find the 5—year price changes in the Dollar for that day, in each of the years
identified.

3. Add the S-year average price change for that day to the previous day’s time
line value. The full-year time line value starts at zero.

4. Trade by selecting the tops and bottoms of the time line for your entries and
exits. Buy the bottoms of the time line and sell the tops.
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The find method is one that | use in my seasond work. | cdl it the
Ruggiero/Barna Seasond Index. Thisindex is part of a product we call
the Universal Seasonal, aTradeStation or SuperCharts add-in that auto-
maticaly caculates many different measures of seasondity if the his
torical data are available. This tool will work on al commodities and even
on individua stocks.

THE RUGGIERO/BARNA SEASONAL INDEX

The Ruggiero/Barna Seasond Index was developed by mysdf and
Miched Barna. The cdculations for thisindex are shown in Teble 2.2.

| would like to make one point about the Ruggiero/Barna Seasonal
Index: It is caculated rolling forward. This meansthat dl resulting trades
are not based on hindsight. Past data are used only to caculate the sea-
sonal index for tomorrow’s trading. This alows development of a more re-
didic higoricd backtest on a seasond trading Strategy.

Besides the Ruggiero/Barna Seasonal Index, you can use the raw av-
erage returns, the percent up or down, and correlaion analysis to develop
trading Strategies. The Ruggiero/Barna index can be calculated elther by
using the complete data set or by using an N-year window.

STATIC AND DYNAMIC SEASONAL TRADING

A seasonal trade can be calculated using the complete day set, some point
in the past, or a rolling window of data. Thisis true for day-of-week,

TABLE 2.2 CALCULATING THE RUGGIERO/BARNA
SEASONAL INDEX.

1. Develop your seasonal and update it as you walk forward in the data.

2. For each trading day of the year, record the next N-day returns and what
percentage of time the market moved up (positive returns) and down
(negative returns).

3. Multiply this S-day return by the proper percentage.

4. Scale the numbers calculated in step 3 between -1 and 1 gver the whole
trading year. This is the output value of the Ruggiero/Barna Seasonal Index.
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day-of-month, and day-of-year seasonals. The question is: Which method
is the best? The answer depends on the commodity being analyzed. For
example, in markets with fixed fundamentals, the more data used and the
longer they are used, the greater the reliability of the seasonal. If we were
analyzing corn, we would want to go back, using as much data as possi-
ble. On the other hand, if we were doing seasond research on the bond
market, we would not want to use any day before January 1, 1986, be-
cause, prior to 1986, the dynamics of the bond market were different.
Another important issue in calculaing seasondity is basing results on
in-sample trades versus walk forward testing. For example, if we say a
given seasonal is 80 percent accurate over the past 15 years, based on the
results of the seasonal trades over the past 15 years, that is an in-sample
result. If we use one day in the past 15 years to caculate a seasona and
then only take trades in the future using a buy and sell date calculated on
past data, and roll the window forward every day, thisis wak forward
testing. More redlistic results may be possible. For example, in 1985, you
might not have had a seasonal hias on a given day, but, years later, that day
of the year is included in a given walk forward seasonal pattern. Suppose
you calculate the seasonal walking forward using only data from 1970 to
1985. You trade in 1986 and then move the window up every year or so.
In 1987, you would use data including 1986 to calculate the seasonal, and
you could produce a realistic seasonal model that can be used to trade.

JUDGING THE RELIABILITY OF A SEASONAL PATTERN

One of the main criticiams of seasond trading is that it is only curve fit-
ting and is not based on any rea fundamenta influence in the market. This
problem is more pronounced in trading by day of year because, often, only
10 to 20 cases are available for calculating a seasonal pattern. Because of
thisissug, it isimportant to be able to judge whether a seasond pattern
will hold up in the future. Most will not. There is no sure way to know, but
reliable seasonals do have smilar characteridtics. Fird, the returns of the
seasonal pattern must be significantly above the average-day bias over the
same period; that is, if the seasond pattern is based on the S&P500, we
might want $200.00 a day on the long side but $100.00 could be acceptable
on the short side because the $&P500 has an upward bias. Second, one
trade should not account for too large a percentage of the profits.
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In a seasond pattern, a satigticaly sgnificant percentage of the re-
turns should follow the direction of the bias. For example, in a bullish
seasonal, the goa is to analyze the percentage of the time when the mar-
ket rises during the holding period.

In evauating the percentage bias, the number of casesis a very im-
portant link to the sgnificance of the seasond pattern. For example, on
a day-of-week pattern with hundreds of trades, 57 percent or 58 percent
is acceptable. On a day-of-year pattern with only 10 cases, we would want
to see 80 percent or better.

Another important issue arises when evauating a seasond: Does the
seasond bias make sense? For example, suppose corn fals after the dan-
ger of crop damage from drought passes, or T-Bonds fall because of a
quarterly refunding. If the seasona pattern makes sense, it ismore likely
to work in the future.

CQUNTERSEASONAL  TRADING

Seasond trades do not aways work. The question is: How can you tell
whether a seasonal is going to fail and what should you do when it does?
Seasond trading fals when more important fundamenta forces drive a
market. In 1995, the S&P500 did not have a correction in September or
October because of good fundamentas and falling interest rates. The
strength of the market foreshadowed the power moves of the S& PS00
during late 1995 and early 1996. In another example of a seasona failing,
corn continued to rise during July 1995, because of the drought damage
in the Midwest. There are severa ways to see whether a seasona pattern
is working. For example, you can give a seasonal pattern 4 days to work.
Or, you can use Pearson’s correlation to measure the difference between
the actua price movements and the seasond. Thisis avery useful mea
sure in developing mechanica seasond trading systems.

CONDITIONAL SEASONAL TRADING
In conditiond seasond trading, you filter the cases you use in develop-

ing your seasonal patterns. For example, you could develop a trading day-
of-month seasonal and only include cases when T-Bonds are above their
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26-day moving average. Another example of conditional seasona trading
would be developing a day-of-year seasona for corn but only using years
after crop damage in calculating the seasonal. This sounds like a curve fit,
but this method has worked well for Moore Research over the years.

OTHER MEASUREMENTS FOR SEASONALITY

The most used measure of seasondlity is based on price, but seasona ef-
fects dso exist for both volatility and trend. For example, we can measure
the average True Range/Close over the next N days based on day of week,
month, or year. This measure will give us an idea of future voldility,
which is useful for option trading as well as for setting protective stops.

Another useful way to use seasonality is to measure future trends. This
can be done using any trend leve indicator-for example, ADX or Ran-
dom Walk Index (RW1). Another good measure is usng asmple differ-
ence of ADX over the next N days relative to atrading day of month or
year. This will tdl us higtoricaly whether the seasond effect will cause
atrend to get stronger or weaker. Thistype of information can be used
to filter trend-following systems.

Seasonal patterns can also be used to forecast future price movements.
An example of this would be to take the current price as a base, and then
add to it the future change predicted by the seasond. Findly, you would
apply a correction factor based on the difference of the actua price
change over the last few forecasts and the seasonal forecast.

Having discussed the issues involved in seasond trading, let’s now
study some examples of using seasondity for trading in severd different
markets.

What are effects of day of week in severa different markets? We will
dart with the S&P500.

The day-of-week bias in the S&P500 is revealed by measuring the dif-
ference between the close and open on a given day of the week during the
period from 1/3/83 to 4/12/96, using backadjusted continuous contracts.
The results by day of week are shown in Table 2.3. Note that buy and hold
during this period is 367.60 points.

Table 2.3 shows that you can outperform buy and hold simply by buy-
ing on Mondays and Wednesdays. We can aso see that Fridays have a sig-
nificant downward bias.
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TABLE 2.3 DAY OF WEEK AND S&P504).

Net Change Average  Change Percent of
Day of Week (Points) (Points) Buy and Hold
Monday 282.69 43 77.1%
Tuesday 8.45 .01 2.2
Wednesday 168.60 25 45.8
Thursday 42.35 .06 6.6
Friday -1 17.26 -.18 -31.9

Other markets-for example, T-Bonds-also have strong day-of-week
effects. During the period from 1/1/86 to 4/12/86, the T-Bond market
closed .(7 point higher than the open on Tuesdays and —(2 point lower
on Thursdays. The day-of-week effect on the other days of the week was
not satisticaly sgnificant. The downward bias on Thursdays is caused
by the fact that most traders do not want to be long T-Bonds before a
magjor report, and many mgor reports, such as the monthly unemploy-
ment count, are released on Friday mornings just after the open. For this
reason, many traders sell bonds on Thursdays. This downward bias is also
sgnificant because T-Bonds have had an upward bias over the past ten
years.

Besides the financid markets, other markets are influenced by strong
day-of-week effects. For example, since 1986, Thursday has been the
most bullish day to trade silver. Because silver can be used as a measure
of economic strength, it would make sense that silver should have an up-
ward bias on days when T-Bonds have a downward hias.

Even some of the soft commodities have a day-of-week bias; for ex-
ample, coffee is most bullish on an open-to-close bias on Thursdays, and
it has been dightly bearish on Mondays since January 1, 1980. Believe it
or not, in the period from 1/1/80 to 4/12/96, if we do not deduct slippage
and commissions, coffee hasrisen by $76,211.25 per contract by buying
at the Thursday open and exiting on the close.

BEST LONG AND SHORT DAYS OF WEEK IN MONTH

The day-of-week effect is not the same for every month; in fact, differ-
ent days of the week can become bullish or bearish, depending on the
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month of the year. Let's now examine how the month affects the day-of-
week analysis on an open-to-close basis. We analyzed several commodi-
ties, darting at various dates and ending on April 12, 1996. We did not
deduct slippage and commission because we wanted to judge the bias of
each market based on a given day of the week in a particular month. Table
2.4 shows our results.

Now that we have shown the effects of smple day-of-week anaysis,
let's consider some examples of conditiona day-of-week analysis, to learn
how conditional day-of-week analysis works.

One type of conditiona day-of-week analysis reviews a market by day
of week and measures what the market has done over the past five days.
To illugrate, we will andlyze the S&P500 in the period from 4/21/82 to
4/23/96, using a continuous backadjusted contract.

Let a1 mean that a market finishes higher than it opens, -1 means a
lower amount, and a zero (0) means we do not care. Using this smple sys-
tem, with $50.00 deducted for dlippage and commissions, we have found
some impressve results:

DOW DI D2 D3 D4 D3 Podtion Net Profit Average Trade Win%

Monday ~1 -1 0O O O Long  $25,125.00 $405.24 68%
Friday -1 0 0 0 0 Short 61,470.00 193.91 54

In another type of conditional day-of-week analysis, we would use in-
termarket anaysis in order to filter the day of the week. For example, let's
take only Mondays when T-Bonds are above their 26-day moving average.
This smple patern has averaged $249.45 per trade since April 21, 1982,

TABLE 2.4 DAY OF WEEK IN MONTH EFFECTS.

Commodity Start Position Day of Week Month Win% Average Trade Net Profit

Coffee 1/1/80  Long Thursday Sept.  H1%  $221.09 $15.255.00
Coffee 1/1/80  Short Friday june 70 278.97 19,248.75
T-Bonds 1/1/86  long Tuesday May 66 289.29 10,125.00
T-Bonds 1/1/86Short Friday Mar, 57 290.60 13.658.00
S&P500 1/3/83  long Thursday July 69 427.73 23,525.00
S&P500 1/3/83 Leng Monday Dec. 65 536.82 29,525.00
$&P500 1/3/83  Short Thursday Dec. 63 374.54 20,225.00
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with $50.00 deducted for dippage and commissions. Thisisonly ataste
of the work you can do using day-of-week analysis.

TRADING DAY-OF-MONTH ANALYSIS

The concept of anadyzing the markets based on the trading day of the
month was origindly developed by Larry Williams, who found thet, in
many markets, the trading day-of-month effect is so strong that the results
ae comparable to commercid trading systems.

Let's andyze severd different markets on the bass of entering a po-
gtion on the next open after a given trading day of the month, and exit-
ing on the open a given number of days later. We performed this anaysis
on the S&P500, T-Bonds, coffee, and crude oil. The results of this analy-
sis are presented without an alowance for slippage and commissions be-
cause we wanted to test the bias of each market. Our results from the
dart date to April 12, 1996 are shown in Table 2.5.

These results are only a sample of the power available through trading
day-of-month analysis. Many different markets have an upward or down-
ward hias 60 percent (or more) of the time, based on a trading day of the
month plus a given holding period. Another fact we learned from our
anaysis is that the end-of-month effects in the S&P500 and T-Bonds are
magnified when a month has more than 21 trading days, for example, the
22/23 trading day of the month produces great results but too few trades
to be reliable.

‘TABLE 2.5 SEASONAL EFFECT BY TRADING DAY OF MONTH.

Trading Day Average
Commodity Start Position of Month Hold Net Profit Win% Trade

S&P500 4121/82  Long 17 5 $140,850.00 68% $1,354.33
S&P500 4/21/82  short 2 2 47,775.00 55 459.38
T-Bonds 1/1/86 Long 15 8 66,625.00 63 550.00
T-Bonds 1/1/86 Long 15 5 5,306.25 65 441 .00
T-Bonds 1/1/86  Short 3 4 27,875.00 56 230.37
Coffee 1/1/80  Long 10 3 71,362.50 64 432.50
Coffee 1/1/80  Short 14 7 70.826.25 62 429.25
Crude 4/21/82  tong 15 7 26,310.00 61 185.28
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DAY-OF-YEAR SEASONALITY

Now that we have discussed day Of week and month, let's turn to day-of-
year andyss. Day-of-year seasondity requires more. comprehensive
andysdisin order to judge the reiability of a given pattern, because many
patterns will have only 20 or fewer occurrences.

In addition, many of the seasond patterns change over time. Fig-
ure 2.1 shows both average five-day returns and the percentage of the
time the market rose for the S& PS00 futures during the period around
the crash of 1987, based on a seasond caculated using data starting on
April 21, 1982. The seasonal for October 7, 1987, shows an average gain
of 2.10 points and a percentage up of 100 percent. If we had been trading
seasonality back in 1987, we would have been long, not short, during this
time. Even a seasond using data sarting in 1960 would have yieded a
long position in early October 1987.
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FIGURE 2.1 The S&P500 futures average 5-day returns, and the
percentage of the time the market rose over a 3-day period by trading day
of year, for the period around the crash of 1987. The data used represent
the complete history of the S&P500 futures contract up to 1986.
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This revelation should not make you think seasondity does not work,
but it should point out that, when evaluating a seasond, you need to cd-
culate and evaluate in a walk forward manner. Many seasonals are reliable.
For example, let’s look a the beginning-of-year raly. On January 26,
1988, our seasona, starting with data on April 21, 1982, shows an average
five-day return of 3.14 points and a market rising 75 percent of the time.
In 1996, the same seasonal showed an average return of 3.61 points and
gtill a 75 percent accuracy. In 1996, this seasond made over $7,000.00 in
only 5 days.

One of the best ways to judge the reliability of a seasonal pattern is to
look over the average returns and the percentage of accuracy over the
years. Seasonds that remain constant over the years are more reliable.

USING SEASONALITY IN MECHANICAL TRADING SYSTEMS

Let's now test severa methods for evauating a seasonal mechanicaly.
We will begin by usng the S&P500 cash, garting in 1960. We will then
wait until we have 2,500 days data to take a seasona trade. In our sim-
ple experiment, we will view the S&P500 only from the long side. Our
god isto find low-risk buy points for the $&P3500. We found in our re-
search that a seasonal pattern must be at least 70 percent reliable. For the
S&P500, usng a holding period of 8 days and a seasond return of ()3
percent or greater produced the best results for that period. The .03 per-
cent represents about 2 points, based on an S&P500 with a vaue of
$600.00. Findly, we took the seasona trades only when the S&P500 was
below its Sx-day smple moving average. These rules produced the re-
suks shown in Table 2.6.

The table shows that these seasonal trades offer above-average returns
for the S&P500. Based on these seasonal patterns, the market rises dur-
ing the next 8 days amogt 70 percent of the time. One of the most im-
portant elements in getting these results is the fact that we collect 2,500
days seasond information before taking atrade. Having this much data
improves the rdiability of the seasond. These seasond patterns were
found using the Universal Seasond, TradeStation™ and SuperCharts™
and have adjusted themselves over the years. How have these seasona
patterns performed latey? Very wdl. They have not had alosng trade
snce October 1992.
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TABLE 2.6 S&P500 SEASONAL SYSTEM
BASED ON AVERAGE RETURNS OVER .03%.

First trade 3/24/71
Ending date 6/28/96
Buy and hold 571.01
Total points made 270.39
Days in market 1,368
Buy and hold 47.4%
In market 21 .67%
Drawdown -28.90
Win percentage 69%

The Ruggiero/Barna Seasond Index combines both average returns
and percentage of accuracy into a standardized indicator. WWhen we ran
this indicator across the same data, we found that the Ruggiero/Barna
Seasonal Index can outperform the market based on seasondity. Once
again, we waited 2,500 days before taking our first trade. Our data period
is the same length as the one used in the previous example, and it started
on January 4, 1960. We used a holding period of 5 days and a trigger of
—.20 on the Ruggiero/Barna Seasonal Index. We took the seasonal trades
only when the S&P500 was below its 10-day moving average. The results
using these parameters are shown in Table 2.7.

Table 2.7 shows that, without taking a short postion, the Ruggiero/
Barna Seasona Index can outperform buy and hold by over 30 percent

TABLE 2.7 SEASONAL S&P500 SYSTEM RESULTS
BASED ON RUGGIERO/BARNA SEASONAL INDEX.

First trade 2119/71
Ending date 6128196
Buy and hold 573.89
Total points made 761.75
Days in market 2,576
Buy and hold 132.73%
In market 40.6%
Drawdown -44.68
Wwin percentage 68%

Seasonal Trading 55

while being in the market about 40 percent of the time. Because the
S& P500 has an upward bias, a-.20 vaue could still represent a market
with postive returns over that holding period.

Using dl of the data in cdculating a seasond is not dways the best
solution. My research has shown that this decision depends on the com-
modity being andlyzed. In corn, or other commodities with fixed funda
mentals, the more data the better. In commodities like T-Bonds, a moving
window will work better. Let's now use a moving window to develop pat-
terns in the T-Bond market. To calculate our seasonal, we used data start-
ing on September 28, 1979. We developed the seasona by using a walk
forward method with various window sizes, holding periods, and trigger
levels. We tested seasondity only on the long Sde, in order to smplify
our anadysis. We collected 2,000 days seasond data before generating
our first trade. We found that the best window size was a rolling window
of 8 years, with a6-day holding period and atrigger level above - 20 to
generate a buy signal. We filtered our trades by requiring a 6-period mo-
mentum to be negative to take a long trade. Our first trade was taken on
September 20, 1988. Our data ran to June 28, 1996. The results for these
parameters over about 7.75 years of trading, without dlippage and com-
missions, are shown in Table 2.8.

COUNTERSEASONAL  TRADING

Many times, the market does not follow its seasona patterns. Being able
to detect an aberration and use it for knowing when to exit a trade, or
even for trading against the seasonal, can give you a big advantage. Let's
examine 5-day average returns in the T-Bond market, and the correlation
between the seasond returns and the current actud returns. We will use
a 15-day Pearson’s corrdation in our correlation andyss. Figure 2.2

TABLE 2.8 T-BOND RESULTS BASED ON
THE RUGGIERO/BARNA SEASONAL INDEX.

Net profit $57,593.75
Win% 71
Average trade $282.32

Maximum drawdown ~$7,656.25
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FIGURE 22 T-Bonds average 5—day return versus trading day of year,
and the correlation of actual market conditions to this seasonal. The
failure of the seasonal rallies in February 1996 led to one of the sharpest
drops in the T-Bond market’s history.

shows hoth S-day average returns and their correlation to the actual price
action for November 1995 to April 1996.

As shown in Figure 2.2, T-Bonds have positive historical 5-day returns
from late February to mid-March. After that, T-Bonds have near-
zero/negative returns until the end of March, in anticipation of the fed-
eral income tax day (April 15). In 1996, during this seasona strength,
the market decorrelated from its seasonal normal and dropped over 4 full
points in the next 5 days-an example of how a seasonal failure can lead
to explosive moves. This move accelerated during the seasonal flat-to-
lower period during the month of March.

Seasonal trades can be filtered by entering only seasonal trades when
the correlation between the seasonal and the current market conditions is
above a given leve or is higher than some number of days ago. This logic
would have protected against several bad seasona trades in the T-Bond
market in 1996.
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In markets that have stronger seasona influences, such as the corn
market, taking the trade in the opposite direction to the seasonal pat-
tern when the seasonal pattern fails can produce great results. Let's test
one of the classic seasonal patterns. We will sell corn on the first trad-
ing day after June 20 and exit this position on November 1. This sea-
sonal trade has produced using cash corn prices dating back to June 2,
1969: the equivalent of $28,487.50 on a single future contract, which
represents an average of $1,095.67 per year and 65 percent profitable
trades. The problem with this system is that, during several years (e.g.,
1974, 1980, 1993, and 1995), we would have suffered large losses. Let's
now see what would happen if we go long on the corn market once we
know the seasonal has failed. We go long corn after July 21 if our trade
is not profitable. If we take a long position, we will not exit to the first
trading day of the following year. Using this method-going long the
first trading day after July 21 if the short trade is not profitable-pro-
duced $38,537.50 on a single contract. The winning percentage did drop
to 58 percent overall. The drawdown as well as the largest losing trade
did improve. Using this seasona failure method increased the net profit
and cut the drawdown on the classic seasonal for shorting corn.

This is just one example of how using counterseasonal trading can be
a powerful tool for traders. Research in counterseasonal trading is one of
the most interesting and profitable areas in seasonal research.

Seasonal patterns do not relate only to price; they can aso relate to
volatility. We calculate seasonal volatility by finding the next S-day av-
erage (true range/price) x 100 for every given trade day of the year. This
measure predicts volatility based on seasonality. The calculation has sev-
era uses. The first is for trading options. If volatility is going lower on a
seasonal basis, you will want to sell premium. Ancther use for this infor-
mation is in setting stops based on historical average true range. If sea-
sonal volatility increases, you will want to widen your stops.

Figure 2.3 shows the average 5-day seasona volatility for T-Bonds
from December 1995 to June 1996. T-Bond volatility has a peak in early
January and falls in early February, before it rises again. During the first
three quarters of March, T-Bond volatility drops, reaching a low during
the last week of March. Based on seasondlity, there is high volatility dur-
ing mid-May and June.

The final type of seasonal analysis is the seasonal trend. Seasona trend
analysis works as follows. For each trading day of the year, we returned
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the average ADX vaue N days into the future. This indicator is a very
good tool to add as a filter for trend-following systems. Figure 2.4 shows
aprice chart of T-Bonds and a 5-period lookahead of alo-period ADX
seasonal. Note that T-Bonds do not trend seasondly in early December
and do not begin to trend again until February. As T-Bonds moved in a
trading range during late 1995 and early 1996, the ADX seasona was
low or faling. When the trend seasond started to rise, T-Bonds started
to trend to the downside.

This chapter has given you a brief look at the power of seasonal trad-
ing. In later chapters, we will combine some of these idess with other
forms of analysisin order to predict future market direction.
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Long-Term Patterns and
Market Timing for
Interest Rates and Stocks

This chapter will show you how to use fundamenta data to predict long-
term trends in both interest rates and stock prices.

This type of long-term anadysis is very important for people who
switch mutual funds, as well as anyone with a variable rate loan. It is aso
important for short-term traders because many systems are based on buy-
ing pullbacks in the long-term uptrends of both stocks and bonds, which
started during the early 1980s. When these bull markets end, these sys-
tems will stop working-with disastrous results.

INFLATION AND INTEREST RATES

It is commonly known that interest rates are pogitively correlated to in-
flation. As inflation rises, so do interest rates. In generd, this relation-
ship istrue, but it is not congtant. We will examine this rdaionship usng
3-month T-Bill yields and yields on the longest government bond. We will
compare these yields to the |-year inflation rate, caculated by taking a
12-month percentage change in the Consumer Price Index (CPI). These
data, as well as the other fundamental data used in this chapter, were sup-
plied by Pinnacle Data Corporation and are part of their index database.
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To study the relationship between T-Bill yidds and inflation, we re-
searched monthly data going back to 1943. Most major increases in short-
term rates occur when the inflation rate is a negative real rate-that is,
it is greater than the T-Bill yield. It last happened in 1993, just before the
dart of a severe bear market in bonds. In generd, risng premiums on
T-Bills lead to lower rates, and falling premiums lead to higher rates. We
sudied many different ways of comparing inflation to interest rates and
have found that one of the best methodsisto use ardtio of interest rates
to inflation. During the past 53 years, on average, T-Bill yields have been
about twice the average inflation rate.

The relationship between long-term interest rates and inflation is not
as reliable as the one between short-term interest rates and inflation. In
generd, the spread between inflation and long-term interest ratesis be-
tween 300 and 400 basis points. Currently, it is about 380 basis points or
3.80 points as of early April 1996. The ratio between long-term interest
rates and inflation is currently about 250 percent; for example, a 3 per-
cent inflation rate would relate to a 7.5 percent long-term bond. This re-
lationship has varied over the years. Long-term rates were kept
atificidly low during the mid-1970s. On January 31, 1975, long-term
rates were a 5.05 percent, which was only about half of the actua infla-
tion rate. Another example occurred during the early 1960s, when infla:
tion was under 2 percent and long-term bond rates were about 4 percent.
Thiswas only a2.00 point difference, but the ratio of long-term interest
rates to inflation has recently ranged from 220 percent to 260 percent.
This type of premium is common during long periods of economic growth
with low inflation. This concept is very important because it means that
a1 percent increase in inflation can produce a 2.5 percent increase in
long-term interest rates.

In May 1996, the Treasury Department discussed issuing a bond that
yields a fixed number of bass points over the rate of inflation. This
would be a smart move because it would reduce the cost of borrowing
over the next few years. During the early 1990s, the Treasury moved its
own borrowing to the short end of the yield curve just before short-term
rates dropped to a low of 3 percent. When it looked as though short-term
rates were going to start to rise, the Treasury suggested the issuing of an
inflation-based bond.

This type of bond would save the Treasury money during periods of
long-term growth and moderate inflation. During these periods, the



62 Classical Market Prediction

premium between interest rates and inflation can be expected to remain
over 200 percent. For example, suppose the inflation rate rises to 4.0 per-
cent from its current 2.8 percent. On an inflation bond purchased a a
400-basis-point premium, the yield would rise from 6.8 percent to 8.0
percent. Our research has shown that during moderate increases in in-
flation, long-term rates can retain over a 200 percent premium to infla:
tion. In 1996, the ratio was 243 percent. Based on my model of long-term
yields to inflation, the long-term bond yield would increase from 6.8 per-
cent to 9.72 percent. Under these conditions, this new inflation bond, is-
sued in January 1997, would save the government 1.72 percent in interest
per year.

PREDICTING INTEREST RATES USING INFLATION

Let's now use the interaction between inflation and short-term interest
rates to develop a long-term 3-month T-Bill yield model. Inflation be-
came a better measure of interest rates after 1971, when the U.S. gov-
ernment alowed the price of gold to float and dropped the gold standard
to back the U.S. Dallar. Table 3.1 shows how inflation can be used to
model short-term interest rates.

This is a very robust mode for short-term interest rates since the
United States abandoned the gold standard in 1971. The results from Jan-
vary 1, 1971, to April 1, 1996, are shown in Table 3.2

Even more amazing, the average correct signal lasts 24 months and the
average wrong signal lasts only 2 months. This model has not produced a
losing signal since January 3 1, 1986.

This is a good model of how inflation affects short-term interest rates.
Let's now apply the same general model to longer-term interest rates. The

TABLE 3.1 INFLATION BASED SHORT-TERM NOTE MODEL.

Ratio=1—{Inflation/Yield)
InflatYieldOsc=Ratio-Average(Ratio, 20}

If Ratio<.2 or InflatYieldOsc<0 and Yield>Yield 3 months ago, then 90-day
interest rates will rise.

It Ratio>.3 or InflatYieldOsc>.5 and Yietd<Yield 3 months ago. then 90-day
interest rates will fall.
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TABLE 3.2 RESULTS OF INFLATION
AND SHORT-TERM INTEREST RATES.

Net basis points 32.17
Rise in basis points 16.34
Fall in basis points 15.83
Average trade 2.34
Largest loser -.79

Trades 14

Percent correct 86%

effect of inflation on longer-term rates is not as strong asiit is on shorter-
term rates. Usng the same genera modd with different trigger levels,
we can predict longer-term rates using inflation, but not as well as
shorter-term rates. The results as well as our new model, for the period
from1/1/71to0 4/1/96, are shown in Table 3.3.

FUNDAMENTAL ECONOMIC DATA FOR PREDICTING
INTEREST RATES

Given this interaction between interest rates and inflation, how many other
fundamenta factors affect both long- and short-term rates? Using data

TABLE 3.3 RESULTS OF INFLATION AND LONG-TERM RATES.

Ratio=1-(Inflation/Yield)
inflatYieldOsc=Ratio—Average(Ratio,20)

If Ratio<.25 or InflatYieldOsc<0 and Yield>Yield 4 months ago then long-term
interest rates will rise.

If Ratio>.35 or |nflatYieldOsc>.45 and Yield<Yield 4 months ago then long-
term interest rates will fall.

Results ~ Summary:

Net basis points 20.55
Rise in basis points 10.88
Fall in basis pointsl| 9.67
Largest error —-.64
Forecasts 17

Percent correct 71%
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supplied by Pinnacle Data Corporation, let's see how various fundamenta
factors can be used to predict interest rates. We will use money supply,
consumer confidence, and unemployment data to build our models.

We gart by showing how changes in the money supply affect interest
rates. We use three standard measures of money supply:

MI = money stored as cash and in checking accounts.
M2 = MI plus money stored in time deposits, such as CDs.

M3 = Ml and M2 plus assets and lidhilities of financid inditutions,
which can be easily converted into spendable forms.

In general, the greater the amount of money in the system, the more the
economy will grow. This growth trandates into higher interest retes.

Let's now develop a smple modd using the monthly change in M2,
When M2isin an uptrend and rates have begun to increase, then rates
will continue to increase. If M2 isin a downtrend and rates have begun
to fal, then rates will continue to drop. Using the same period as ear-
lier-January 1971 to April 1, 1996—we can develop a short-term in-
terest rate model based on M2. Our rules are as follows:

1. If M2Chg > M2Chg [6] and 90-day Yidds > 90-day Yields 11
months ago, then 90 days interest rates will rise.

2. If M2Chg < M2Chg [6] and 90-day Yidds < 90-day Yidds 11
months ago, then 90 days interest rates will fall.

The results of thissmple system since 1971 are shown in Table 3.4.

TABLE 3.4 RESULTS OF MONEY SUPPLY
AND 90-DAY [INTEREST RATES.

Net basis points 26.67
Rise in basis points 14.19
Fall in basis points 12.48
Average trade 191

Largest loser -1.13
Forecasts 14

Percent correct 79%
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This model has produced about 100 basis points per year for the past
26 years. The average trade is about 23 months. The last signa this sys-
tem gave was in October 1995, when it predicted a drop in short-term in-
terest rates.

Money supply is highly predictive of short-term interest rates but not
as predictive of long-term interest rates. Using the same basic model with
different parameters did not produce results as good as those when pre-
dicting short-term rates. Current M2Chg was compared with the reading
16 bars before, and current yields were compared with those 3 months be-
fore. The model did a fair job of predicting long-term rates. For example,
it produced 17.44 points since 1970 and was 65 percent accurate on 26
trades. The draw down was only -1.64 points, and the average trade was
.67 points. These are good results but not as good as for the prediction of
shorter-term  rates.

With this background in money supply and inflation, we can now dis-
cuss how some other measures of economic activity can be used to pre-
dict interest rates. Let's sart by using consumer sentiment to predict
short-term rates. Our model is based on the fact that if consumers are
positive, then growth will increase and, consequently, interest rates will
rise.

Our model compares consumer sentiment and T-Bill yields between a
given number of bars Therules are;

1. If CSenti > CSenti [12] and CSenti > CSenti [1 1] and Yidlds >
Yidds [4], then rates will rise.

2. 1f CSenti < CSenti {12] and CSenti < CSenti [11] and Yidlds <
Yields[4], then rates will fall.

Table 3.5 shows us the results of this mode during the period from
4/30/56 to 4/1/96.

Using consumer sentiment to predict short-term interest rates, the
average winning pogtion is 20 months and the average losing postion is
12 months. The model predicted that rates would start to fall on May 31,
1995, when 3-month rates were at 5.72 percent. As of March 31, 1996,
this postion is profitable by .73 points.

Let's now look a how unemployment information-specificaly, the
average duration of someone's unemployment-can help to predict
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TABLE 3.5 CONSUMER SENTIMENT
AND SHORT-TERM  RATES.

Net basis points 34.19
Rise in basis points 18.56
Fall in basis points 15.63
Average mgve 1.37
Largest loser -1.34
Trades 25

Percent correct 84%

short-term interest rates. The theory is that the longer someone is with-
out a job, the dower the economy will be, and interest rates will drop in

order to stimulate the economy.
Our ssimple modd is based on unemployment duration as a factor in
predicting 90-day T-Bill rates. The rules are:

1. If NoJobDur < NoJobDur [3] and Yidlds > Yidds [6], then interest

rates will rise.
2. If NoJobDur > NoJobDur [3] and Yields < Yidds [6], then interest
rates will fall.

For the period from 4/30/52 to 3/30/96, this simple model produced
the results shown in Table 3.6.

This model does not work as well as some of our other models, but it
does show that the unemployment duration is predictive of short-term
interest rates.

TABLE 3.6 RESULTS OF UNEMPLOYMENT
DURATION AND SHORT-TERM RATES.

Net basis points 26.63
Rise in basis points 14.80
Fall in basis points 11.83
Average move .86
Largest loser -2.14
Forecasts 3

Percent -Correct 5 8%
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How can we use unemployment claims to predict short-term interest
rates? Our system for timing short-term rates-is based on unemployment
claims. The rules are:

1. If Claims < Claims {11] and Claims > Clams [14], then interest
rates will rise.

2. If Claims > Claims [1 I] and Claims < Claims [14], then interest
rates will fall.

This simple model was tested on T-Bill yields in the period from
1/31/56 to 3/31/96 and produced the results shown in Table 3.7.

This ssimple model does a great job of predicting short-term interest
rates. Its last trade was predicting a drop in rates on July 31, 1995. On
long-term interest rates, the same model produces 18.20 points and wins
67 percent of its trades, with an average trade profit of @] point. It is
profitable on both long and short moves. Even though this model did not
perform as well as it did on short-term rates, it still shows that unem-
ployment claims are predictive of interest rates.

Our research showed that, when using fundamental-type data, it was
easier to predict short-term (rather than long-term) interest rates on a
weekly or monthly basis. | think the reason for this is that short-term in-
terest rates are based on current economic activity, and longer-term rates
are also affected by the perceived effects of future activity.

TABLE 3.7 RESULTS OF UNEMPLOYMENT
CLAIMS AND SHORT-TERM RATES.

Net basis points 37.1 2
Rise in basis poiNts 19.90
Fall in basis points 17.22
Average move 1.43
Largest loser -1.37
Forecasts 26
Percent correct T77%
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A FUNDAMENTAL STOCK MARKET TIMING MODEL

We have seen how fundamental data can predict interest rates. Let’s now
see how we can use it to predict the Dow Jones Indudtrials Average
(DJIA).

We need amodel that combines the prime rate, the Federd Reserve
(Fed) discount rate, and long bond yields. Our model is inspired by Mar-
tin Zweig's book, Winning en Wall Street. Zwelg discusses how acut in
the prime rate is bullish for stocks as long as the prime rate is below a
given leve.

Another important factor is the Fed discount rate. When the last move
in the Fed discount rate is a cut, that is very bullish for stocks. During the
past 50 years, there have been several false moves in the prime rate. The
number of false moves drops to amost zero when the change in the prime
isin the direction of the last Fed move in the discount rate.

The prime rate and discount rate have a strong effect on stock prices,
but so do long-term interest rates. Often, the market will lower rates be-
fore the Fed or the banks make a move. For example, during most of 1995,
the stock market rallied because of a drop in long-term interest rates.
This drop occurred months before the Fed cut rates, which led to a drop

TABLE 3.8 RESULTS OF A FUNDAMENTAL
MARKET TIMING MODEL.

If Prime < 12, Prime Rate is Cut, and last Fed discount MOVE was lower, then
buy at close.

If Prime Rate is raised, then go flat.

If Long Bond Yield sets a 42-week low, then buy at close.

Results Summary:

Net points 4,141 17 +1,367.63 open = 5,508.80
Trades 21 + open trade

Win% 90 +open

Average trade 197.20

Maximum drawdown -193.71

Profit factor 66.89

Weeks in market 1,319

Percent buy and hold 100.3%

Percent of time in market 49.99%
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in the prime rate. An ided interest-rate stock-timing modd would com-

bine all three of these factors. We developed a model that used all of these

concepts but only traded the market on the long side. This modd was
tested for the period from 8/11/44 to 4/12/96, usng weekly deta. During
this time, the DJIA rose about 5,490 points in about 2,640 weeks, or a lit-

tle over 2 points per week. The rules for our model and the results for
our test period are shown in Table 3.8.

Thislong-term time modd is an incredible tool for asset dlocation. It
performed as well as buy and hold while being exposed to the market
only 50 percent of thetime.

The models in this chapter are just a Sarting point for using funda-
mental data to predict both interest rates and stock market timing. Many
more relationships can be discovered using this type of fundamental data.
The data can give you a long-term view of future market direction and
can be usad as afilter in developing trading systems.
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Trading Using
Technical Analysis

Technical analysis, as the term applies to trading, studies the use of price
data or chart patterns to make trading decisons. This chapter explains
why many people unjustly criticize traditiona forms of technica analy-
gis. It then describes some profitable ways to use technical analysis to de-
velop mechanical trading drategies.

WHY IS TECHNICAL ANALYSIS ungustiy CRITICIZED?

Many of the people who say that technical analys's does not work are
ether fundamentdists or skeptics who believe that the markets are ran-
dom and cannot be predicted. They point to the fact that the published
rules in many introductory books on technica andyss are not profitable
when hacktested. Thisistrue; but these smple rules are not the indica
tors used by professiond traders. When used correctly, technica andy-
Sis can make money for traders. Let's take a close look at some examples
of the misuse of computer-based technica andysis.

Moving Averages

Asafirg example, consder asmple moving-average crossover system.
This system works as follows:

70
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1. Cdculate a short-term moving average.
2. Cdculae alonger-term moving average.

3. When the short-term moving average crosses above the long-term
moving average, then buy.

4. When the short-term moving average crosses below the longer-term
moving average, then sl.

Moving-average crossover systems work well in trending markets but
should not be used when the markets are not trending. Critics of techni-
cd anaysswill apply a moving-average crossover system to al market
conditions and will optimize the lengths of the moving average to find the
most profitable set of parameters. Anyone who does this will lose money
because many studies, over the years, have shown that the most profitable
moving-average lengths over the past 10 years are most likdly to lose
money over the next 3 to 5 years. Let's look at an example. We optimized
the moving averages for the D-Mark for the period from 2/13/75 to
12/31/89. We then tested them for the period from 1/1/90 to 5/31/96. The
performance of the best three pairs of moving averages from 2/13/75 to
12/3 1/89, as well as their performance since 1990, are shown in Table 4.1.
(A deduction of $50.00 has been made for dippage and commissions.)

The mogt profitable moving-average pairs during the earlier period
lost money during later periods. If we had selected our optimized para-
meters based on a robust pair of parameters—one in which small changes
in parameters produced little change in performance-we would have

TABLE 41 MONEY AVERAGES THEN AND NOW.

Lenl Len2 Net Profit Average Trade Win% Drawdown
Results from 2/13/75 to 12/31/89

6 10 $90,137.50 $ 4 95 .26 43% ~$7,187.50

10 20 89,125.00 521.21 49 -7,475.00

10 22 87,750.00 555.00 49 -8,962.50

Results Since 1990

6 10 -1,012.50 -5.53 37 -21,425.00
10 20 -13,30000- 147 .78 37 ~22,750.00
10 22 -29875.00- 373 .4 4 38 -37,125.00
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found that moving-average systems are profitable in many markets. We
aso can improve our results if we trade these systems only when a given
market is trending. When used correctly, moving-average crossover sys
tems are valuable trading toals.

Oscillators

The classic oscillators are stochastic and a price-based oscillator that was
developed by Welles Wilder (RSl). If we use the smple rules that are
often published for both of these types of oscillators, we will lose money.
Theserulesare asfollows:

1. Buy when the oscillator crosses above 30 from below 30
2. Sell when it crosses below 70 from above 70.

Why do these rules lose money? First, most people use a fixed-length
stochastic or RSI. George Lane, who popularized stochastics, adjusts the
period used in these indicators to half of the current dominant cycle. Sec-
ond, the standard rules will enter a trade about one-third of a cycle too
late. If the cydeislong (30 days or more), being afew dayslate will il
produce profitable sgnds. If the cycleis only 10 days, then the market
rises for 5 days and falls for 5 days. In this case, being 2 days late on both
the entry and the exit means that, even in a perfect world, the trader is on
the right side of the market for only one day. This is why the rules do not
work. George Lane uses divergence between an oscillator and price and
generates mogt of his trading sgnds via a cycle-tuned indicator. (The
concept of divergence is discussed later in this chapter.)

Key Reversal Days

Another classc pattern that will not backtest well when misused involves
key reversal days. These are days on which the market sets a new low and
then closes higher than yesterday’ s close. We then generate a buy signa
a yesterday’s high on a stop. If the market sets a new high and closes
below close, we sell at yesterday’s low on a stop. The problem is that key
reversal should be used only to trigger a sgnd once the market is st up
for agiven move. For example if the market is overbought and we get a
bearish key reversd, that would be agood sdll signd. If we look at key
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reversds and take them regardiess of current market conditions, we will
lose money. When they are used properly, they can be valuable tools.

The classic chart patterns-head and shoulders, triangle, and O on—
are used by many discretionary traders. The problem is, we cannot test
how profitable these patterns are without developing mechanica defini-
tions. The key is to develop mechanicad methods for detecting the pat-
terns. Trying to detect market patterns in a mechanica way is the best
way to use technical analysis, because we can see how well each method
of analysis works. We aso can tell when each method works best and can
develop mechanicd definitions for these specific conditions.

Let's now take a look at several technical methods that can be used to
produce very profitable trading sysems. These methods are often the
core logic behind the best commercia systems on the market,

PROFITABLE METHODS BASED ON TECHNICAL ANALYSIS

Gap Analysis

Gap-based patterns are among the most powerful of al trading patterns.
These patterns are produced based on breaking news or changes in mar-
ket conditions that occurred overnight. The news may turn out to be not
as important as originaly thought, or it may be proven to be wrong. When
this happens, the gap closes. If prices continue in the direction of the gap,
then the news was real and a major move in the direction of the gap could

be beginning. Gap patterns are represented in Figure 4.1.

| -
-
Sell here
Buy here
-
Buy gap Sell gap

FIGURE 4.1 A standard gap buy-and-sell pattern.



74 Classical  Market Prediction

We would buy when the market gaps down below the low on the open
and then crosses above yesterday’s close. We would sell when the mar-
ket opens above yesterday’ s high and crosses below yesterday’ s close.
We can adso have a second set of buy-and-sell signals. If the market gaps
up and ralies a some percentage of yesterday’ s range above the open,
then we should buy. If the market gaps down at some percentage of yes-
terday’ s range and then continues to fall, then we should sell. Most gap
patterns are based on the OOPS pattern developed by Larry Williams.
Sell at yesterday’s high on up gaps, and buy at yesterday's low on down
gaps. Williams dso developed the strategy of buying or sdling in the di-
rection of the gap if the market continues to move in that direction. Gaps
are a good tool for day trading or short-term trading (1 to 3 days). Let's
look at some examples of using gaps for developing trading models.

To trade the S&P500, we analyze runaway gaps. We perform our analy-
ssudng daly bars and accessing the next open in TradeStation, usng a
Dynamic Link Library (DLL) written by Ruggiero Associates. Our rules,
written in Easyl.anguage, are shown in Table 4.2.

This smple system buys on a stop order and then exits on the close
without holding any overnight positions. We tested this sysem on the
S&P3500 in the period from 4/21/82 to 5/31/96, alowing $50.00 for dip-
page and commissions and a breakout equal to .40. The results are shown
in Table 4.3.

Runaway gaps produce good results on the short side and substandard
results on the long sde. What happens if we gpply a very smple filter
for both up and down gaps? We will require the S&P500 to close lower
than 5 days ago. Our results over the same period, with $50.00 deducted
for dippage and commissions, are shown in Table 4.4.

TABLE 4.2 RUNAWAY GAPS.

Inputs: Breakout(.3):

If NextOpen>High then buy at NextOpen+Brakeout*Average(TrueRange,3) stop;
If NextOpen<Low then sell at NextOpen+Brakeout*Average(TrueRange,3) stop;
Exittong at close;

ExitShort at close;
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TABLE 4.3 RESULTS OF RUNAWAY GAPS.

Net profit $80.150.00
Profit long $17,650.00
Profit short $62,500.00
Trades 384
Average trade $208.72
Win% 55
Drawdown $14,750.00

This ample filter improves the performance of runaway gaps in the
S&P500. Thisis only one example; there are many other filters that might
work as well. The point is, runaway gaps do work. What happens when a
gap fills basad on the OOPS paitern? We will sdll when we open higher
than yesterday’s high on a stop at the high. We will buy when we gap
lower than yesterday’s low on a stop a yesterday's low. We will exit on
the close. We tested this system on the S& P500 during the period from
4/21/82 to 6/28/96. These results are shown in Table 4.5.

Note that filling gaps works much better on the long Sde. Usng a
money management stop can help this system. If we use a smple $600.00
money management stop, it greatly improves our results, as shown in
Table 46.

Our results show that, when developing a system based on filling a
gap, mos of the problems involve large losing trades. Using a smple
money management stop, we are able to greatly improve the profitability
of the OOPS pattern so that it works as well as most high-priced systems
costing thousands of dollars.

TABLE 4.4 RESULTS OF RUNAWAY GAPS
WITH SIMPLE FILTER.

Net profit $86,150.00
Profit long $23,650.00
Profit short $62,500.00
Trades 237
Average trade $363.50
Win% 59

Drawdown -$8,925.00




76 Classical Market Prediction

TABLE 45 RESULTS OF FILLING THE GAP.

Net profit $73,075.00
Profit long $58,750.00
Profit short $14,325.00
Trades 588
Average trade $124.28
Win% 56
Drawdown -$19.275.00

Gap patterns work in markets with a high daily range, for example, the
S&P500, coffee, and T-Bonds.

Breakout Systems

Breskout sysems are among the best methods of technica andyss.
There are two mgor classes of breakout systems: (1) channd breakout
and (2) voldility breskout. These syslems work very well in trending
markets and have been used by most of the top traders in the world. Let's
firgt discuss the channd breakout system, which works as follows:

1. Buy at the Highest (High, 20) + 1 point stop.
2. Sdl a the Lowest (Low, 20) - 1 point stop.

In this form, the system is just a modification of Donchian’s Weekly
Rule: Buy at four-week highs and sdll at four-week lows. The system
has been discussed in countless publications. It works because it does

TABLE 4.6 RESULTS OF FILLING THE GAP
WITH A MONEY MANAGEMENT STOP.

Net profit $145,950.00
Profit long $84,450.00
Profit short $61.500.00
Trades 588

Average trade $248.21
Win% 53
Drawdown -$8,150,00
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TABLE 4.7 RESULTS OF CLASSICAL CHANNEL BREAKOUT.

Average Profit
Market Start Date Net Profit Open Trade Win% Trade Drawdown Factor
D-Mark 1/2/80 $56.663.75 $3,286.2550% $544.84 -$22,075.001.57
Heating oil 1/2/80 21,903.91  5,333.58 44 182.53 -19,772.67 123
Lumber 1/2/80 27.763.52  5,087.68 31 22211 -49,514,67 117

Swiss Franc  1/1/80 71.666.25 5,148,75 50 639.88 -12,858,75 1.59
1 O-year note  1/3/83 52,116.00 5.030.00 47 606.00 -7,116.00 1.84

T-Bonds 1/1/80 59,614.00 8,499.00 39 527.56 -18,990.00 1.44
Crude oil 1/3/84 59,898.00 -91.00 49 777.90  -8,061.00 261
Coffee 171780 101,650.63  2,568.38 36 81321  -29,121.00 152

something that is hard to do—buy at high prices and sell at low prices. In
trading, it pays to do the hard thing. Most people can’t, and most people
lose money.

We tested the simple channel breakout system on severa different mar-
kets (allowing $50.00 for dlippage and commissions) and our results from
dart date to May 17, 1996, using continuous backadjusted contracts, were
as shown in Table 4.7.

These reaults show that this Smple system is profitable in each mar-
ket used in our tests. If we had traded one lot of each commodity listed
from the start date until May 18, 1996, we would have averaged over
$28,000.00 a year since 1980, and, as of May 17, 1996, we would have had
a combined open equity of over $33,000.00 on dl eight commodities
When trading a basket of commodities, as in this example, the total draw-
down of the portfolio is less than the maximum drawdown produced by
the individual commodities, because of the effects of divergfication. The
concept of trading a basket of commodities with a channel breakout sys-
tem is the heart of the Turtle trading system, but our system dill needs
money management rules, filters, and more advanced exit methods that
we will discussin later chapters.

The voldility breskout sysem, made famous by Lary Williams,
works by buying or selling when the market bresks above or below its
open or previous close by a given percentage of the previous day’s range.
Let's look at an example-a purchase at a given percentage above today’'s
open. Therulesare:



78 Classical Market Prediction

1. Buy a opening pricet.6 x Average (True Range, 3) stop.
2. Sl at opening price-.6 X Average (True Range, 3) stop.

This smple system buys when the market breaks 60 percent of the av-
erage true range above today’s open, and it sells when the market breaks
60 percent of the 3-day average true range below today’s open. Let’'s see
how this simple system works on the T-Bond markets. We tested this sys-
tem from September 27, 1979, to May 31, 1996. The results, after de-
ducting $50.00 for dippage and commissions, are shown in Table 4.8.

This system had an equity curve profit Smilar to the channel breakout
on the D-Mark. It worked very well until September 1994, and then went
into a drawdown until the end of 1995. From January 1, 1996, to May 31,
1996, this system made over $10,000.00 on one contract.

Different technical methods work wdl in different types of markets.
We call these types modes. Developing indicators and systems to identify
modes is one of the most powerful uses of technical andyss. Let’ Snow
discuss trending and the countertrend mode, as well as something called
the breakout mode.

Market Modes

The most important market mode involves identifying when a market is
trending and will continue to trend or knowing whether a market will
consolidate. One of the best tools for detecting the strength of atrend is
an indicator called Average Directiond Movement (ADX), origindly de-
veloped by Welles Wilder. Based on my research, the rules for using a

TABLE 4.8 RESULTS OF VOLITITY
BREAKOUT SYSTEM FOR T-BONDS.

Net profit $163,868.75
Net profit long $114,856.25
Net profit short $£49,012.50
Trades 1,282

Win% 43

Average trade 5127.82
Drawdown ~$22,256.25
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TABLE 4.9 RULES FOR TREND MODE.

1. If ADX crosses above 25, then the market is trending.
2. If ADX crosses below 20, then the market is consolidating.
3. If ADX crosses below 45 from above, then the market is consolidating.

4. If ADX rises from below 10 on 3 out of 4 days, then the market will start to
trend.

5. If atrend is based on rule 4, it remains in effect until the S-day difference in
ADX is less than O.

14-day ADX to detect atrend and consolidation mode are as shown in
‘Table 4.9.

These rules are amodified verson of the classc rules for usng ADX,
which smply say that the market is trending when ADX is above 25. My
rules handle two conditions. (1) the exhaustion of a trend, and (2) the
early detection of atrend.

Figure 4.2 shows the T-Bonds market and a trend indicator described
above for the period from 1/1/96 to 5/31/96. You can see a trend end,
based on an exhaustion of the trend, when ADX crosses from above
to below 45 during late March and continues downward through the end
of May 1996. The market started to trend on February 26, 1996, and
dropped 3 points in less than 6 weeks.

How do we use this trend mode indicator in a trading system? We start
by usng the modified channel bregkout system. We have not optimized
the parameter and will use a17-day breakout to enter atrade and a10-
day breakout to exit a trade. We tested this system on T-Bonds, from
9/28/79 to 5/31/96. The results for both the smple system and a system
filtered with our trend mode detector filter are shown in Table 4.10. (A
deduction of $50.00 was made for dippage and commissions)

This ample trend filter works very well a filtering breskouts. The
origina results were not remarkably profitable, but by entering a break-
out only when we are in a trend mode, we improved profit, cut drawdown,
and amost tripled the average trade.

We used T-Bonds data to develop the levels of ADX for our indicator,
so they are not optimad for al markets and time frames. Still, the levels
selected for the example are a good starting point, and the values can be
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FIGURE 4.2 T-Bonds, with both the Ruggiero trend mode index and the
ADX.

TABLE 4.10 MODIFIED CHANNEL
BREAKOUT WITH AND WITHOUT OUR
TREND FILTERS SHOWN IN TABLE 4.9.

Net profit $46,562.50
Trades 180

Average  trade $258.68
Win% 40
Drawdown -$21,012.50

Results with Trend Filter:

Net profit $66,125.00
Trades 85

Average trade $777.94
Win% 47
Drawdown -$8,275.00
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optimized by combining this indicator with a channd breskout sysem
and then optimizing those reaults.

During an interview with market wizard Linda Raschke, she discussed
something she cdled a “breakout mode’-a period of low voldility fol-
lowed by a period in which the market is in equilibrium. When the mar-
ket enters the period of equilibrium, there is often an explosive move.

Let's develop a breakout mode indicator, which can serve as a good
filter for a channd or voldility breakout system.

The market is in equilibrium when technicd indicators are confused,
so we begin by building a confusion indicator.

First, we study smple market momentum. We use three different mo-
menta, with durations of 5 periods, 10 periods, and 20 periods, respec-
tively. When these three momentums do not dl have the same sign, we
can say they are in confusion. Second, we look at the classic overbought
and oversold indicators: stochastic and RSI. We will use both a 9-period
and a 14-period SlowK. This is the dow unsmoothed stochadtic vaue.
For us to be in a breakout mode, the values of the two periods must be be-
tween 40 and 60.

Third, we look a volatility because the market often makes large
moves after a period of low volatility. To judge periods of low voldtility,
we develop a volatility trend indicator. As coded in TradeStation’s Easy-
Language, this indicator works as follows:

Veuel = Volatility(10);

If valuel = Highest (valuel, 20), then value2 = 1,
If valuel = Lowest (valuel, 20). then vaue2 = -1;
Plotl {value2, “Volbreak”),

When this indicator is at -1, the volatility is low enough to sustain a
breakout. Our find indicator will be the efficiency with which the mar-
ket moves. Our indicator, coded using the EasyLanguage Quick Editor, is
as follows:

(Close - Close[Len])/summation(abs(Close  Close[ 1]1)),Len)

Let’suse aperiod length (Len) of 10. In this case, our efficiency in-
dicator sgnds a breakout mode when its value is+ .20.
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Now we combine these indicators to develop a breakout mode index.
Our indicator will Smply sum how many of these conditions are true and
then take the average of this simple sum over a given number of days. The
longer the average of this indicator stays at or above 2, the stronger the re-
aulting move will be. Let's use the modified channel breskout we dis-
cussed earlier, and then compare the resulting system using this filter.
Wewill buy or sdll & a 17-day high or low and will exit on a10-day high
or low. Let's take a look at this system for the D-Mark futures.

We tested this simple system on the D-Mark in the period from 2/13/75
to 5/31/96, dlowing $50.00 for dippage and commissons. The results
are shown in Table 4.11,

We can modify this system so that we will take the trade only when our
breskout mode indicator sgnas a breskout mode. The system will enter
trades only when the breakout mode indicator is greater than or equa to
2. (We tested moving averages between 4 and 30 in order to determine our
breakout mode indicator.) We found thet thisfilter hel ps the overdl per-
formance of the system over the whole optimization range. Table 4.12
lists severd of the combinations tested, to give an idea of how thisfilter
performed.

The table shows the power of our breakout mode indicator. We reduced
drawdown, and the winning percentage, in most cases, has risen to over
60 percent. This smple test shows the potential of a breakout mode index,
but how low is the level of adverse movement when a breakout mode fil-
ter is introduced into the system? We will test a breakout mode index
length of 30 for our average, and then add a Smple money management
stop. We range the stop from $200 to $1,000. in steps of 50. Over this
complete range of parameters, the stop either reduces the drawdown and

TABLE 4.11 MODIFIED CHANNEL BREAKOUT
SYSTEM FOR D-MARK FUTURES.

Net profit $74,587.50
Net profit long $39,325.00
Net profit short $35,262.50
Trades 204

Win% 48

Average trade $365.63
Drawdown -$15,800.00
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TABLE 4.12 MODIFIED CHANNEL BREAKOUT WITH
DIFFERENT LENGTH BREAKOUT MODE FILTERS.

Breakout Index Len Net Profit Trades Win% Drawdown
10 $85,537.50 125 54% —$10,000.00
16 73,887.50 9 63 -5,437.50
18 57,637.50 75 60 -6,937.50
20 52,912.50 72 60 -6,937.50
26 58,075.00 57 65 -5,462.50
28 57,600.00 50 66 —4,800.00
30 53,012.50 46 67 —4,050.00

reduces the profit dightly (smal stop) or improves profits and drawdown
(larger stop). For example, using a $250.00 stop, we made $40,950.00 on
60 trades with only a —$2,962.50 drawdown. If we had used a $1,000.00
stop, we would have made $55,000.00 on 46 trades, winning 67 percent
of them, with only a-$3,225.00 drawdown. These results show the po-
tentid of this breskout mode filter.

Momentum Precedes Price

One of the most vauable concepts in trading is Momentum precedes
price. This concept is one of the mgor themesin Linda Raschke s trad-
ing methods. Figure 4.3 shows the Yen from January 1995 to July 1995.
This was the last major top in the Yen. The subgraph shows an oscillator
constructed by taking the difference between a 3-day and a 10-day Sm+
ple moving average. Figure 4.3 shows that the momentum makes a lower
high while prices are gill making higher highs. Once the top is made,
prices fal about 8.00 full points, or $10,000.00 within the next 5 weeks.

How can the concept of momentum preceding price be used to develop
a trading system? A simple momentum-precedes-price system, coded in
TradeStation’s EasyLanguage, IS shown in Table 4.13.

The rules in Table 4.13 say to buy when the oscillator sets a new high,
and sl when the oscillator sets a new low. This is mandated because
momentum precedes price and a new high or low in an oscillator should
be followed by a new high or low in price. We filtered the oscillator so that
we would buy only when the oscillator is above zero and sdll only when
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FIGURE 4.3 The 3-10 oscillator made lower highs while the Yen made
higher highs during early 1995, just before the major top in the Yen.

the oscillator is below zero. This prevents buying into a bear market and
sling in a bull market.

We then optimized this system on the Yen, using arange of 20 to 40,
in steps of 2, for LookBack, and arange of 2 to 20, in steps of 2, for
StopLen, Over these ranges, we found many very profitable combina-
tions, for example, 56 of 110 tests produced more than $100,000.00 in

TABLE 4.13 MOMENTUM FIRST SYSTEM.

Inputs: LookBack(32),5topLen(12);

Vars: Osc(0);

Osc = Average(Close,3)-Average(Close,10);

If Osc = Highest(Osc,LookBack) and Osc > 0 then buy at open;
if Osc = Lowest{Osc,LookBack) and Osc < 0 then sell at open;
ExitShort at Highest{High,StopLen} stop:

ExitLong at Lowest{Low,StoplLen) Stop;
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TABLE 4.14 MOMENTUM FIRST
RESULTS ON THE YEN.

Net profit $135,550.00
Profit long $78,812.50
Profit  short $56,737.50
Trades 192

Win% 43

Average trade $705.99
Drawdown -$11,437.50

net profit over the period from 8/2/76 to 6/28/96. Using a LookBack rang-
ing from 30 to 34 and a StopLen ranging from 10 to 14, a cluster of com-
binations produced between $125,000.00 and $137,000.00. We selected
a LookBack of 32 and a StopLen of 12 as the parameters to use when
trading the Yen. Our results during the period from 8/2/76 to 6/28/96 ae
shown in Table 4.14.

The results in Table 4.14 show that the concept of momentum preced-
ing prices can produce a profitable trading system.

In this chapter, we have shown that the classic rules for various tech-
nicd indicators, dthough often published in books, do not redly work
and are not used by professional traders. For example, George Lane does
not use a fixed-length stochadtic; he tunes it by using the current domi-
nant cycle. This method substantially improves performance. Other prof-
itable and reliable methods used by professond traders include gaps,
channel breakout systems, and momentum precedes price.

We dso showed how markets have many different modes that can be
detected by combining severd different technicd indicators into a com-
posite indicator. As composites, the indicators are more predictive than
when used by themsdlves. They can improve exigting trading systems or
he used to build new ones.
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The Commitment of
Traders Report

Have you ever wished you knew what position great traders like John
Henry and Paul Tutor Jones currently had open? With this informetion,
you would, in effect, have access to dl of the research they paid millions
of dollars for, and you would be able to piggyback their trades.

Thisinformation is available to you, afew days &fter the great traders
have made their moves, in a report caled the commitment of traders
(CQOT) report, published by the Commaodity Futures Trading Commis-
son (CFTC). The COT report tells how many contracts large professiona
traders are currently long or short.

WHAT IS THE COMMITMENT OF TRADERS REPORT?

The COT report gives the actuad numbers for the three mgjor groups of
traders. (1) commercid, (2) noncommercid, and (3) smal traders. Com-
mercia traders are hedgers who are trading a given commodity because
they have a business that produces it or they need it as an ingredient or
materia in a product. For instance, Eastman Kodak, which depends on
slver, may hedge againgt arise in dlver prices. Noncommercid traders,
such as commodity funds, are large speculators. Smdl traders-small
hedgers and speculators-are in a class caled nonreportable.

86
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The COT report was firgt published during the 1970s and was hdted
during 1982. From 1983 to November 1990, the report was released
monthly. It was then published twice a month until October 1992, when
the current biweekly reporting schedule was adopted.

The COT report is caculated after the market closes each Tuesday.
Because of auditing restraints, two weekly reports are issued on dter-
nating Fridays. These dectronically issued reports indicate traders po-
sitions for the most recent week. At publication, the data are 3 days old.

HOW DO COMMERCIAL TRADERS WORK?

You may be skeptica about the value of this information, congdering
that it is 3 days old (and during earlier years of this data series, was even
2 weeks old). Theinformation is till valuable because it tells how large
commercid traders work. They manage their positions by using a pro-
cess called accumulation and digtribution. Because of the size of thelr
positions, most commercid traders are countertrend traders. They buy
as prices fal and then begin to sdl into the raly. Because of this pro-
cess, the COT data could lead the market by 2 weeks or more.

Let's study some examples of this process. Figure 5.1 shows the S&P500
and the net long commercials during the stock market bottom of Novem-
ber 1994. The commercials began to build their position as the market fell,
and the market did not begin to turn up until they had built their position.

Another example was the large correction in the T-Bonds market, once
the commercials had built their short position in late 1995 and early 1996.
As shown in Figure 5.2, they began to cover their short positions as the
market collapsed. This is additional evidence of how the commercias are
redlly countertrend traders.

USING THE COT DATA TO DEVELOP TRADING SYSTEMS

Let's now talk about how to analyze the COT data. The COT report sup-
plies the number of contracts each group islong or short, aswell asthe
number of traders in each group. It also publishes the number of spreads
put on by each group, and the net change and percent of open interest
each group holds.
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S&P500 was bottoming. They began to liquidate as the S&P500 rallied.
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The first step in using these data is to calculate the net long position
for each group. This is done by subtracting the number of long contracts
from the number of short contracts. When there are more longs than
shorts, the number is positive. When there are more shorts than longs,
the number is negative. The absolute levels of the net long commercials
are not important. What is important is how these levels compare to the
historical normals; for example, in markets like silver, the commercias
have never been net long.

The COT data are predictive because the large traders have a lot of
money and their inside connections give them an edge over the public. If
you were to use the positions of the small traders, the results would be the
opposite, because these traders are normally wrong.

Steven Briese’'s newdletter, Bullish Review, uses an index based on
COT data to give trading recommendations. This index is an oscillator
based on the net long positions for a given trading group. We calculate
this oscillator as follows:

COT Index = 100 X (Current Net-Lowest (Net, N))/(Highest (Net,
N) -Lowest (Net, N))
N is the LockBack and can vary between 1.5 and 4 years.

This indicator is scaled between 0 and 100. When calculating this in-
dicator using the commercials, 0 is the most bearish and 100 is the most
bullish. We generate a buy signal when this index is above 90, and a sdll
signal when it is below 10.

When we calculate this indicator using small traders' data, lower val-
ues are more bullish and higher values are more bearish. Compared to
the indicator calculated using commercials, this is an opposite result be-
cause small traders often buy tops and sell bottoms.

The COT report is a vauable indicator in many markets-T-Bonds,
the S&P300, the agricultural markets such as corn and soybeans, and
markets such as gold and crude oil. On the other hand, the COT report
does not do well in markets such as currencies because, in these markets,
futures represent only a small percentage of the complete market.

How can the COT report be used to develop mechanical trading
systems?

We tested the classic rules for the COT index in several markets and
found that they produced unimpressive results. This is not to say that the
COT data are not predictive. Combining the COT index caculations,
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using both commercials and small traders, produces some very impressive
results, and we developed a basic model for using the COT weekly data
inthisway. Therules are:

1. If (COT Index Commercials)[Lagl] > Ctrigger and (COT Index
Smdl) < Strigger, then buy at open.

2. If (COT Index Commercials)[Lagl] < Ctrigger and (COT Index
Smdl) > Strigger, then buy at open.

Ctrigger isthe leved of the trigger used to generate buy or sdl sgnds
based on the commercials version of the COT index. Strigger is the level
for generating buy and sdl Sgnds usng the smal traders verson of the
COT index. The higher the index is when cdculated using the commer-
cids and the lower it is when using the small traders, the more bullish it
is. The lower the index is when calculated using the commercids and the
higher it iswhen using the smdl| traders, the more bearish these data are
for that market. Lagl is the delay in weeks for the values used in our
modd. Because the COT index cdculated usng commercids leads the
market at turning points, the COT data are more predictive if we lag
the index caculated usng commercid traders. We tested this model on
T-Bonds, using 30 for Ctrigger, 50 for Strigger, and 1 for Lagl. Our test
used data for the period from 111184 to 5/31/96. After deducting $50.00
for dippage and commissions, the results were as shown in Table 5.1.

This basic modd aso worked on other commodities. We tested this
model on coffee for the period from 9/7/84 to 5/31/96, and used 55 for
Ctrigger, 35 for Strigger, and 3 for Lagl. Again deducting $50.00 for dip-
page and commissions, the results were as shown in Table 5.2.

TABLE 5.1 RESULTS FOR COT
T-BOND SYSTEM.

Net profit $110.412.50
Trades 28

Win% 75

Average trade $3,932.50
Drawdown ~$13.156.25

Profit factor 7.45
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TABLE 5.2 RESULTS FOR COT
COFFEE SYSTEM.

Net profit $100,983.75
Trades 24

Win% 75

Average trade $4,207.66
Brawdown -$43,530.00
Profit factor 5.88

The high winning percentage, average trade amount, and profit factor
confirm that these results are predictive. The drawdown isvery high but
it till shows that the COT data are predictive for coffee.

These two examples are only astart in how to use the COT dataas a
filter for developing high-accuracy trading systems. The goa of this chap-
ter has been to provide the basic tools for using the COT report when de-
veloping more advanced trading systems.
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STATISTICALLY BASED
MARKET PREDICTION

6

A Trader’'s Guide to
Statist ical Analysis

A trader does not have to be a statistical genius, but he or she should have
abadic understanding of statistics that are descriptive of various proper-
ties of the data being andlyzed. This chapter gives an overview of some
of the most important statistical concepts that traders should understand.
These concepts are as follows:

1. Mean, median, and mode.

2. Standard deviation.

3. Types of digtributions and their properties.

4, How mean and standard deviation interact.

5. Hypothesis testing.

6. Mean or variance with two or more distributions.
7. Linear correlation.

A trader who has a genera idea of these concepts can use statistics to

develop trading systems as well as to test patterns and relationships. Let's
now discuss each of these concepts in more detail.

95
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MEAN, MEDIAN, AND MODE

The mean is another term for the average. The median of a sample is the
middle value, based on order of magnitude. For example, in the number
sequence 1,2,3,4,5,6,7,8,9, the median is 5 because it is surrounded by
four higher values and four lower values. The mode is the most frequently
occurring  element.

To clarify the definitions of mean, median, and mode, let’'s look at two
different cases:

1.1,2,3,4,5,6,7.8.9,10.
2. 1,2,3,4,5,100,150,200,300.

In the first case, the mean is 5.5 and the median is either 5 or 6. Hence,
in this case, the mean and the median are similar. In the second case, the
median would still be 5, but the mean would be 85. In what is caled a nor-
mal distribution, the mean and the median are similar. When the distri-
bution is not normal, the mean and the median can be different.

TYPES OF DISTRIBUTIONS AND THEIR PROPERTIES

Most standard statistical methods are based on what is called g normal or
gaussian distribution. This is the standard bell curve, which is repre-
sented in the symmetrical chart shown in Figure 6.1,

A distribution can have several different properties. The first is skew-
ness. The skewness of a distribution is the degree of its asymmetry around
the mean. Positive skewness indicates a distribution with an asymmetric
tail extending more toward positive values. Negative skewness indicates a
distribution with an asymmetric tail extending more toward negative val-
ues. Next, we observe the kurtosis of the distribution. Kurtosis charac-
terizes the relative peakedness or flatness of a distribution, compared to
the normal distribution. A positive kurtosis indicates a relatively peaked
distribution. A negative kurtosis indicates a relatively flat distribution.

When we look at the distribution of financial data, we see some inter-
esting things. First, financiad data have a distribution that is leptokur-
totic: large moves occur more than they should for a normal distribution.
This property of being leptokurtotic-is very important. The fact that large
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FIGURE 6.1 An example of a normal distribution.

moves occur more than they should is why trend-following systems work.
Figure 6.2 shows the distribution of 5-day returns for the D-Mark from

2/13/75 to 7/1/96.
Dr. Benoit Mandelbrot, one of the patriarchs of chaos theory, suggested

in 1964 that the capita markets follow a family of distributions he called
“stable Paretian.” Stable Paretian distributions have higher peaks at the
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FIGURE 6.2 The distribution of 5-day returns for the D-Mark
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mean and fat tails, and they are characterized by a tendency to trend as
well as to be cyclical. They also have discontinuous changes, and they
can be adjusted for skewness. They are different from simple leptokur-
totic gaussian distributions in that they have an infinite or undefined vari-
ance. These types of distributions are now called “fractal distributions.”
Because financial markets do not follow a gauwssian distribution, using
standard statistics can give us only an imperfect estimate, but that esti-
mate is good enough to give us an edge.

THE CONCEPT OF VARIANCE AND STANDARD DEVIATION

The variance and standard deviation of a data set are very important. The
variance is the average deviation of the data set from its mean. The vari-
ance is calculated as follows:

N

V=%2(Di - M)

where N is the number of elements, M is the same mean, and D is the cur-

rent value. The standard deviation is smply the square root of the vari-

ance. The standard deviation has some very interesting trading
applications and is used in many different indicators. A Bollinger band,
for example, is simply a price band drawn two standard deviations away
from the mean.

HOW GAUSSIAN DISTRIBUTION, MEAN, AND STANDARD
DEVIATION INTERRELATE

The interaction between the mean and the standard deviation has many
trading applications. First, there is a basic relationship between the
mean of a data set and the standard deviation. This relationship states
that, for a norma or standard distribution, 68 percent of the data is
contained within one standard deviation and 95 percent of the data is
within two standard deviations. Almost al of the data is contained
within three standard deviations. For a normal distribution, this num-
ber is 99.5 percent.
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STATISTICAL TESTS’ VALUE TO TRADING
SYSTEM  DEVELOPERS

Many statistical testing methods are valuable for analyzing a market or
for developing and testing a trading system, and you should learn how to
use some of these methods. Most of the statistical methods used in mar-
ket analysis will tell (1) whether the distributions of two data sets are
different or (2) whether the means of the populations are different. An
understanding of what each method is trying to prove is necessary be-
cause, when using statistical methods, you need to formulate both a hy-
pothesis and its inverse, called the null hypothesis.

Hypothesis testing works as follows. We formulate a statistical method
so that the null hypothesis is used in the formulation. For example, if we
had a trading system with an average trade of $200.00 and wanted to
prove statistically that our average trade was greater than 0, we would
formulate our statistical measure to assume a zero average trade. We
would then calculate our statistical measure and use that value to decide
whether to accept or reject the null hypothesis. If we reject the null hy-
pothesis, we show the origina hypothesis to be true. This decision is
based on a gaussian distribution of the statistical values for a given test.
The relevant charts and values are available in every textbook on statis-
tics. If we are two standard deviations from the mean value of a statistic
based on a standard distribution, then we can reject the null hypothesis
a the 95 percent confidence level.

To fully understand how to formulate a statistical test, let's take a
closer look at some of the tests we could use. We will start with something
called the Z test, which is calculated as follows:

Z =
where:

M is the mean of the sample,
D is the value based on the null hypothesis,

Vis the variance and its root is the standard deviation of the sample,
and

N is the number of cases.
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Let's now see how we would use this in a trading application. Say we
want to know whether an S& PS00 trading system had greater than a
$250.00 average trade. When we collect the system’s results, we find that
the average trade was $275.00 with a standard deviation of $30.00, and
there were 100 trades. We use the Z test to see whether this is true. Our
first step is to formulate our hypothesis. Because our average trade is
$275.00, our null hypothesis can be that our average trade is $250.00 be-
cause $275.00 is greater than $250.00. We would then state as our hy-
pothesis. The average trade is greater than $250.00.

Our Z cdculaion is as follows

275-250

4900 /100

25
730/10

Z =833

7=

Based on anormd digtribution, 1 percent of the scores will haveaZ
vaue greater than 2.33. Because 8.33 is greater than 2.33, we can con-
clude that our average trade was greater than $250.00.

Another vauable satistical measure is cdled the “ Chi-square test.”
This test is used to judge whether the hypothess results are valid for a
small sample and is often used to test hypotheses based on discrete out-
comes. The formula for Chi-square is as follows:

i=1

where 0, is the observed frequency in the " class and E, is the expected
frequency inthe i* class.

Let's look a an example of how we would use this, Suppose we have
a pattern, in that the market rises 134 times out of 200 cases. We would
like to know whether this is gatisticaly significant. Because 134 cases
out of 200 is greater than 50 percent or 100 cases, which is our expected
frequency based on a random population, Chi-square will tell us whether
our pattern is predictive of rises in the market. In this case, we would
cdculate Chi-square asfollows:.

A Trader's Guide to Statistical Analysis 101

| (134-100)" 1156
2 3

Chi - square (1’ ) 100 _W—II.SG

In our smple case, the Chi-square value is 11.56. For atwo-tail Chi-
square test, the 99.9 percent confidence level is above 10.83. We can now
conclude that, for our sample, our results are predictive.

Another test, called student ¢, is often used. This test can indicate
whether two digtributions have the same mean or variances. The formula
is as follows:

Student t = M
Sp

z Xtme) +Z thu) (1
]

where Sp = \( """ NTN, -2 kN:

S0 is the sandard error of the difference of the means. Each sum is
over the pointsin one sample, the first or second. Likewise, each mean
refers to one sample or the other, and N, and N, are the numbers of points
in the first and second samples, respectlvely N + N, = 2 would be our
degrees of freedom.

Once we caculate 1, we need to get the critica valuesfor ¢ based on
the degrees of freedom and a standard distribution.

CORRELATION  ANALYSIS

One of the most powerful tools for developing and testing trading indi-
cators and systems is a statistical measure caled Pearson’s correlation,
a measure of the correlation between two data series. A 1 is a perfect
positive relationship and a -1 would be a perfect negative relationship.
The formulafor Pearson’s correlation r is as follows:
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where (X Y), i =I, , N is the par of quantities whose correlation
we want to estimate, and ¥ and y are the means of the X‘.’s and Yi’s,
respectively.

Pearson’s correlation is useful in many trading applications, for ex-
ample, in evauating the current strength of different intermarket rela
tionships. Pearson’s correlation can aso be used to evaluate inputs for
neural networks or other machine learning methods.

These examples are only a few of the many trading-based applications
for simple correlation analysis. We will be using correlation anaysis
many times in later chapters of the book.

This chapter has given an overview of some simple statistical methods
that are valuable to traders. Other valuable methods are in use, but these
were chosen for discussion because we will use them in later chapters.

.
Cycle-Based Trading

Cycles are recurring patterns in a given market. The area of cycles has
been intensely researched for almost 100 years. In fact, there are orga

nizations dedicated to the study of cycles. Cycle-based trading has be-
come a hot topic because of the software now available for analyzing
financial data and for developing trading systems. Because of this soft-
ware, we can now see how a market is really composed of a series of dif-

ferent cycles that together form its general trading patterns. We can aso
see that the markets are not stationary. This means that the cycles in a
market change over time. Change occurs because the movements of
a market are not composed solely of a series of cycles. Fundamental
forces, as well as noise, combine to produce the price chart.

Cycle-based trading uses only the cycle and the noise part of the sig-
nal. There are many tools that can be used for cycle analysis. The best
known are the mechanical cycle tools that are laid over a chart. An ex-
ample is the Stan Ehrlich cycle finder, a mechanical tool that is overlaid
on a chart to detect the current dominant cycle.

Among the severa numerical methods for finding cycles, the most well
known is Fourier analysis. Fourier analysis is not a good tool for finding
cycles in financial data because it requires a long, stationary series of
data-that is, the cycle content of the data does not change. The best nu-
merical method for finding cycles in financial data is the maximum en-
trophy method (MEM), an autoregressive method that fits an equation
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by minimizing error. The origind MEM method for extracting cycles
from data was discovered by J. P. Burg in 1967. Burg wrote a thesis on
MEM, which was applied to oil exploration in the 1960s. The method
was used to analyze the returning spectra from sound waves sent into
rock to detect oil. There are severa products that use the MEM algo-
rithm. The first cycle-based product was MESA, by John Ehlers. It is
now available as a stand-alone Windows™ product as well as an add-in
for TradeStation. Another powerful product is TradeCycles™, codevel-
oped by Ruggiero Associates and Scientific Consultant Services. There
are other products, such as Cycle Finder by Walter Bresser, but they do
not offer the ability to backtest results. If you cannot use a tool to back-
test your results, then, in my opinion, you should be very careful trying
to trade it.

Usng MEM to develop trading applications requires some under-
standing of how MEM works. The MEM algorithm was not originally
designed for financial data, so the first thing that must be done to make
MEM work on financial data is detrend it. There are many ways to de-
trend data. We used the difference between two Butterworth filters, one
with a period of 6 and the other with a period of 20. (A Butterworth fil-
ter is a fancy type of moving average.) Once the data has been detrended
and normalized, the MEM algorithm can be applied. The MEM algo-
rithm will develop a polynomial equation based on a series of linear pre-
dictors. MEM can be used to forecast future values by recursively using
the identified prediction coefficients. Because we need to preprocess
our data, we are realy predicting our detrended values and not the rea
price. MEM also gives us the power of the spectra at each frequency.
Using this information, we can develop cycle-based forecasts and use
MEM for trading. MEM requires us to select (1) how much data are used
in developing our polynomia and (2) the number of coefficients used.
The amount of data will be referred to as window size, and the number
of coefficients, as poles. These numbers are very important. The larger
the window size, the better the sharpness of the spectra, but the spectra
will aso then contain false peaks at different frequencies because of
noise in the data. The number of poles also affects the sharpness of the
spectra. The spectra are less defined and smoother when fewer poles are
used. TradeCycles allows adjustment of both of these parameters, as well
as others, because different applications of MEM require different op-
timal parameters.

Cycle-Based Trading 105

THE NATURE OF CYCLES

Let's start our discussion by probing the nature of cycles. A cycle has
three major components. (1) frequency, (2) phase, and (3) amplitude. Fre-
guency is a measure of the angular rate of change in a cycle. For exam-
ple, a 10-day cycle has a frequency of 0.10 cycle per day. The formula
for frequency is:

Frequency = |/Cycle length

The phase is an angular measure of where you are in a cycle. If you had
a 20-day cycle and were 5 days into the cycle, you would be at 90 degrees..
a complete cycle is 360 degrees, and you are 25 percent into the cycle.

The last mgjor characteristic of a primitive cycle is amplitude. Am-
plitude is the power of a cycle and is independent of frequency and phase.

All three of these features make up a ssimple cycle. Let's now use them
to plot a smple sine wave in Omega TradeStation, using the following
formula:

Veuel = (Sine ((360 x Current Bar)/Period)*Amplitude) + Offset;

Using a period of 30, an amplitude of 20, and an offset of 600, these
parameters produce the curve shown in Figure 7.1, which looks a little
like the S& P500 and shows how phase interacts with a simple sine wave.

Note in Figure 7.1 that, by using the TradeCycles phase indicator, tops
occur at 180 degrees and bottoms occur at O degrees.

A simple sine wave is not very interesting, but by adding and sub-
tracting harmonics we can produce a pattern that looks a little like an
Elliott Wave. Our formula is as follows:

Elliott Wave = Sine{Period x 360) x Amplitude
-5 x 8ine(2 x Period x 360) x Amplitude
+ 3 x Sine(3 x Period x 360) x Amplitude

This simple curve resembles as Elliott Wave pattern using a period of
30 and an amplitude of 20 (see Figure 7.2).

The figure is an example of how chart patterns are actually made up
of combinations of cycles. Let’s use our sine wave to test the relationship
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ol 1802 7 Om619.03 He§19.02 Le618.02 0,00 between cycles and a simple moving average. We can start with a smple
haf-cycle moving average. The lag in a hdf-cycle moving average is 90
518 degrees. Figure 7.3 shows a sine wave curve, a haf-period moving aver-
61000 age, and a full-period moving average. The full-period moving average is
605 00 aways zero because it has as many vaues below zero as above zero.
0.0 If we buy when the half-period moving average crosses below the full-
period moving average, and sell when it crosses above it, we have the per-
59500 fect system. We will buy every bottom and sell every top. These rules are
530,00 the opposite of the classic moving-average system.
05,00 Let’s now build asmulated Elliott Wave with a period of 30 and an
000 amplitude of 20. If we trade the classic moving-average crossover system,
TR ' we see that a 2-period and a H-period moving average produce the best
30000 results (about 16.90 points per cycle). This system bought just as our fake
200,00 wave three took out our fake wave one to the upside, and it sold about
100 00 one-third of the way down on the short side. On the other hand, if we use
La.00 the reverse rules and a 15-period and 30-period moving average, we then
Sep Oct Nov Dec 9 Feb make over 53.00 points per cycle. This system would buy at the bottom
FIGURE 7.1 A 30-daycycle versus its phase angle.
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Sep oct Nov Dec o Feb FIGURE. 7.3 The interaction between a 30-day period sine wave and

FIGURE 7.2 An example of a fake Elliott Wave composed of sine waves. both a full-period and half-period moving average.
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and sell about one-third before the top, or about at the point where wave
five begins. These results show that, in a pure cycle-based simulated mar-
ket, the classc moving-average system would lose money. In red life,
moving-average systems only make money when a market movesinto a
trend mode or because of shifting in cycles that causes changes in the
phase of the moving averages to price. We cannot predict these shiftsin
phase. Unless a market trends, a system based on moving-average opti-
mization cannot be expected to make money into the future.

Let’s now look at another classic indicator, the RSI, which expresses
the relative strength of the momentum in a given market. Once again, we
use our smulated Elliott Wave, based on a30-day dominant cycle. We
have found that combining a 16-day RSl with the classic 30 and 70 lev-
€ls produces good results, showing that RSl isredly acycle-based indi-
cator. Using a simulated market over 5 complete cycles, we produced over
59.00 points per cycle and the signals produced bought 1 day after the
bottom sold and 3 days after the top.

Another classic system that actually works well in cycle mode and will
continue to work in trend mode is a consecutive close system. Channel
breakout also would work, but you would want to use a 2-day high or low
to maximize the profit based on our smulated Elliott Wave. If you use a
[-day high, your trades would be whipsawed in waves two and four, as
they would be in ared market, because the channe length is too short.

CYCLE-BASED TRADING IN THE REAL WORLD

Let's now talk about using the MEM agorithm to trade cycles in the red
world. The MEM dgorithm requires tuning of many technica parame-
ters. MESA 1996 adjusts these parameters for you. TradeCyecles adjusts
many of these parameters too, but it <o lets you set the window and
the number of poles. Red financid data are noisy, o it is important to
know the power of the dominant cycle. We cal the power, relative to the
power of the rest of the spectra, the signal-to-noise ratio. The higher the
signal-to-noise ratio, the more reliable the cycle. In TradeCycles, we ca-
culate this ratio by determining the scaled amplitude of the dominant
cycdeand dividing it by the average strength of al frequencies. The level
of the dgnd-to-noise retio tells us alot about the markets. Many times,
the signal-to-noise ratio is lower when a market is in breakout mode. (We
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discussed this mode in Chapter 4.) When usng MEM for cycle-based
trading agpplications, the higher the sgnd-to-noise ratio, the more reli-
able the trading results. If we are usng MEM for trend-based trading,
then the signd-to-noise ratio relationship is less clear. This is currently
one of my man areas of research.

USING CYCLES TO DETECT WHEN A MARKET IS TRENDING

Let's start our discussion of cycle-based trading by investigating how to
tell when a market is in a trend. We begin by studying the dominant cycle
and sgnd-to-noise ratio for the Yen during the period from 3/20/96 to
7/26/96. Figure 1.4 shows how the dominant cycle increases at the start
of a mgor trend.

We will gart by studying the spectrd intensity of a market over dif-
ferent time frames, beginning with an uptrend followed by a mgor top.
Figure 7.5 shows the spectrafor the D-Mark on October 23, 1995, the
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FIGURE 7.4 The dominant cycle, signal-to-noise ratio, and price for the
Yen, for April to July 1996.
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FIGURE 7.5 The spectra during the formation of the top in the D-Mark
during October 1995.

date of the most recent top in the D-Mark. At this point, the current dom-
inant cycle was 17.25 days. Looking at the spectra, we can see o narrow
peak at 17.25 days. A narrow peak is common in 8 trading range market.
Let’s now look at the D-Mark during the start of the major down-
trend—specifically, let’s look at the spectra for January 4, 1996. The
dominant cycle increased to 23.25, and the width of the area of the spec-
tra around the dominant cycle increased. (See Figure 7.6.)
Widening of the spectraand a move to longer periods are common in
9 trending market. Knowing now how the spectra changes when g mar-
ket is trending, let’s attempt to develop indicators that signal when g
market bSS started to trend. Recalling the discussion of how 8 moving-
average period relates to o simple sine wave, you know that, for a perfect
sine wave, the curve will stay above or below a full-period moving aver-
age for half of 9 cycle. If in real market conditions it stays above the full-
cycle moving average for longer than a half-cycle; we can say the market
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FIGURE 7.6 The spectra for the D-Mark on January 4, 1996, and how
the spectra widen when the market trends.

is trending. This simple concept gets into many trends very late and only
catches big trends. If we could anticipate whether prices will remain
above or below the moving average for more than o half-cycle, we would
have g good trend indicator. Let’s now build such an indicator.

A trend occurs when (1) a market stays above or below g full-cycle
moving average for more thang quarter-cycle, and (2) a 2-day difference
of the oscillator created by subtracting price from the moving average

has the same sign as the value 2 days before. These rules work well for
identifying o trend early enough to trade. Wheno market starts to trend,
it should not retrace against the trend more than the lowest low of the last
50 percent of the dominant cycle bars for uptrends nor the highest high
of the last 50 percent of the dominant cycle bars for downtrends. Using
TradeCycles and TradeStation’s EasyLanguage, we find the code of this
simple trend ShowMe. A ShowMe puts 8 do| above or below a bar which
meets g given criteria. The coding is reproduced in Table 7.1.
This ShowMe is good at detecting trends early enough to be able to
trade them. Let’s look at how this ShowMe detected trends in the D-Mark
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TABLE 7.1 CYCLE BASED TREND INDICATOR.

Vars: DCycle(0),0sc(0)TrFlag(0);
DCycle=R5MemCycle1.2(C,6,50,30,12,0;
Osc=Close-Average(Close,DCycles};

TeFlag=0;

If MRO(sign(Osc)<>sign{Osc[1]),.25*valuel,T)=-1and sign(Osc-Osc[2])=
sign(Osc[2]-Oscl4]) then TrFlag=1;

If Osc<0 and High=Highest{High,.3*Dcycle) then TrFlag=0;

If Qsc>0 and Low=LowestiLow,.5*Cycle) then TrFlag=0;

If TrFlag=1then Plot1{High,“CycleTrend”};

over the period from 12/1/94 to 5/1/93. Note in Figure 7.7 that the mar-
ket has a magjor uptrend that is detected near the bottom in December
1994, as shown by the dots at the top of the bars.

How can the phase between the price data and the current dominant
cycle be used to detect when amarket istrending or isin cycle mode? If
we assume that we have a perfect 30-day cycle, the phase should change
360/30, or 12 degrees per day. The more this rate of change of phase dif-
fers from the ided, the less the market is acting as if it isin cycle mode.
Using this theory, let's develop a cycle and trend mode indicator based on
phase. We will compare the ided rate of change with the actud rate of
change cadculated using our price data. When the rate of change of the
phese is the same when using red data as when using theoretical data the
market is in a perfect cycle mode. When the rate of change is less than 1
by some threshold, then the market is trending. If it is greeter than 1 by
some threshold, the market is consolidating. When we are within +-our
threshold of 1, then the market isin cycle mode. Because red data are
noisy, we smooth this ratio by using a quarter-cycle moving average. Let’'s
take alook at how thisindicator worked for the D-Mark during the pe-
riod from /1/96 to 7/1/96 (see Figure 7.8).

During this period, the D-Mark started to trend several times. We can
tell it was trending because the RSPhaseMode indicator described above
was sgnificantly below 1. When this indicator stays at about 1, the mar-
ket is moving in cycle mode. If it is Sgnificantly above 1, the market is
consolidating. When we use this indicator, we normally use below 0.67
for trending and above 1.33 for the consolidation mode. If this indicator
IS between these levels, we can say the market is in cycle mode.
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FIGURE 7.7 How the dominant cycle-based trend indicator shows the
major uptrend in the D-Mark that started in December 1994.
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FIGURE 7.8 The phase mode indicator points to a trending market
when it is much below 1, a cycle market when it is near 1, and a
consolidation mode market when it is much above 1.
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ADAPTIVE CHANNEL BREAKOUT

Let's now look at another method for using cycle analysis to confirm not
only whether the market is trending but aso its direction. This method,
caled adaptive channd breakout, defines an uptrend as occurring when
the market makes the highest high of the past dominant cycle bars. The
trend is then up, and you should buy on a stop. When the market makes
the lowest low of the past dominant cycle bars, you should sell on a stop.
This definition of both trend and direction is so good that it can be traded
as a sand-adone system. My research in the area of developing trading
systems using MEM has shown that the size of the window used to cd-
culate MEM and the number of poles used in the caculations have an
effect on how MEM performs for different gpplications. We have opti-
mized the number of poles usng a fixed window size of 30 and have
found that when using MEM in a trend-following application, fewer poles
produce more reliable performance, because the output from both the
dominant cycle and the MEM predictions is smoother. For example, using
awindow size of 30, we found that having 6 poles produces the best
results on daily data for currencies for our adaptive channel breakout sys-
tem. The results for the D-Mark, Yen, and Swiss Franc for the period
from 1/1/80 to 6/22/96 are shown in Table 7.2. (A deduction of $50.00
was made for dlippage and commissions.)

These results across the three most popular currencies show the power
of this method. It can be used to trade a basket of commodities by opti-
mizing window size and poles over the complete basket and selecting the
mogt robust pair of parameters. We will learn later that this concept can
be made even more adaptive by optimizing the window size and poles in
line, based on the current performance of each set of parameters over re-
cent higtory. This concept is called optimal adaptive channel breakout.

TABLE 7.2 RESULTS OF ADAPTIVE CHANNEL BREAKOUT.

D-Mark Yen Swiss Franc
Net profit $99.237.50 $161,937.50 $131,325.00
Trades 94 95 105
Win% 49 47 44
Average trade $1,055.72 $1,704.61 $1,250.71
Drawdown -$11,312.50 -$8,775.00 -$12,412.00
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USING PREDICTIONS FROM MEM FOR TRADING

Predictions from MEM can be used to develop trading strategies. These
predictions are good for predicting turning points but not for predicting
magnitude. The MEM prediction works only when the market is in a
cycle mode. Let’s now look a an example of how to use the prediction
from MEM. We will learn later in this book, when we develop systems
based on any autoregressive method or even on neural networks, that it is
easer to develop modes on weekly data than on daily data. Once you
can get a prediction method to work well on weekly data, you can then
move to dally data and then intraday data. Our basic model is shown in
Table 7.3.

We tested this model on weekly D-Mark data from 1/1/8(¢ to 6/22/96
and deducted $50.00 for dippage and commissions. Based on our test-
ing, we decided that, in norma conditions, our MEM prediction should
look ahead only 4 bars. Our optimal window size was 24 bars, and we
used 12 poles for both the MEM cycle caculation and the predictions.
Table 7.4 shows how our smple model, using these parameters, per-
formed over our anaysis period.

The results show that this simple model is predictive. We can improve
the results if we trade the model only when the market is in a cycle mode.
For example, from May 22, 1992, to September 18, 1992, the system
traded six times and lost about $2,000.00 overdl. The D-Mark wasin a
major uptrend, risng amost 8.00 full pointsin this short period of time.
During this type of period, the method will perform badly. This is a good
example for your own use of MEM to develop trading systems and filters
for when a market is in a cycle mode.

The predictions from MEM can aso be used in intermarket analysis.
We can use the classic intermarket relationships discussed in Chapter 1,
and then filter our trades by requiring that the prediction from MEM

TABLE 7.3 SYSTEM USING MEM PREDICTIONS.

If MEMPred>MEMPred[2] and MEMPred[4]>MEMPred|[2] then buy at open;
If BarsSinceEntry>Dominate Cycle*25 then exitlong at open;

If MEMPred<MEMPred(2] and MEMPred[4]<MEMPred(2] then sell open;

If BarsSinceEntry>Dominate Cycle*25 then exitshort open:
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TABLE 7.4 MEM PREDICTION RESULTS
WEEKLY D-MARK.

Net profit $75,562.50
Trades 255

Win% 49

Average trade $296.32
Drawdown -$10,787.50

must confirm the system. Let’slook at an example of this concept. Sup-
pose we are trading the S& P500 using T-Bonds. If bonds are in an up-
trend and the S&P500 is in a downtrend, we would then buy the S&P500.
If T-Bonds are in a downtrend and the S&P500 is in an uptrend, we would
then sdl the S&P500. We showed in Chapter 1 that this type of model
works very well. We could filter this modd by requiring the MEM pre-
diction to be postive for both markets to buy the S&P500, and negative
for both markets to sdll the S&P3500. This type of filter can help solve
the problem of an intermarket change of direction just as the Sgnd is
generated. Table 7.5 shows this concept, coded in TradeStation’s Easy-
Language and usng TradeCycles. Note that the S&PS00 isin Datal and
T-Bond futures are in Data2.

We tested this system from April 21, 1982 to June 28, 1996. We opti-
mized the moving-average lengths for both TrLen and InterLen, usng the
range of 10 to 30 in steps of 2. We used a window size of 30, 6 poles, and
a lookahead of 6. On average, we redlized a higher winning percentage and

TABLE 7.5 INTERMARKET BASED CYCLE ANALYSIS SYSTEM.

Inputs: LK1(6),LK2(6),TrLen{20),InterLen(30), Win(30),Poles(6);

Vars: TrOsc{0},InterOsc(0), TrPred(0}, InterPred();
TrPred=RSMemPred(Close of Datat,Win,Poles,LK1};
InterPred=RSMemPred(Close oi DataZ,Win,Poles LK2);

TrOsc=Close of Datal-Average(Close of Datal ,TrLen);

InterQsc=Close of Data—Average(Close of Data2,InterLen);

I InterPred>0 and TrPred>0 and TrOsc<0 and InterQsc>0 then buy at open;
If InterPred<0 and JrPred<0 and TrOsc>0 and InterOsc<0 then sell at open;
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fewer trades than when using divergence without the MEM prediction
filter. We did not optimize the other parameters. They were sdected
based on other research that recommended awindow size of 30 and 6
poles for many trading applications. We found that using 20 for the Trlen
and 30 for InterLen produced reliable and stable results. Our results over
our test period are shown in Table 7.6. (A deduction of $50.00 was made
for dippage and commissions.)

Table 7.6 shows that this system produced better overall results than
even the best intermarket divergence system for the S&P500. The concept
of confirming intermarket relationships usng MEM predictions does
have value and is an important area of future research.

Onefact islittle discussed: Predictions from MEM change when dif-
ferent parameters are used. One method for improving performance when
usng MEM would be to combine different predictions made with dif-
ferent parameters. A consensus or even an average method is a possible
choice. A lot of computer power would be required, but the performance
would improve.

This chapter has shown how cycles can be used to create a trading sys-
tem, or can become part of a trading system, or can even be inputted into
a neura network or genetic agorithm. These issues are addressed further
in Chapter 18, but | will give you one example now. If you look a the rate
of change of a dominant cycle, it will give you an idea of whether the pre-
dicted turning points would be too early, or late, or on time. When the

TABLE 7.6 RESULTS OF INTERMARKET CYCLE
BASED SYSTEM S&P500 USING T-BONDS
AS THE INTERMARKET.

Net profit $326,775.00
Profit long $269,100.00
Profit short $57,675.00
Trades 54

Win% 80

Win% long 93

Win% short 67

Average trade $6,051.39
Drawdown -$27,600.00
Profit factor 8.02
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dominant cycles are getting longer, the turning points you predict would
be too early. When the cycles are getting shorter, the turning points would

be too late.

This chapter is a starting point for future work on using spectral analy-
sis to develop trading systems. This area of research should be one of the
most important technologies in developing the next generation of trading
systems.

8

Combining Statistics and
Intermarket Analysis

In Chapter 1, we discussed many different intermarket relationships that
are vauable for developing trading systems. If you actudly have pro-
granmed some of the examples in Chapter 1, you have learned that these
systems work very well during some periods, but do have long periods of
drawdown.

Our research over the past few years has shown that andyss of
intermarket relationships, based on current correlations between the in-
termarket and the market you are trading, is a very vauable tool in de-
veloping trading drategies.

USING CORRELATION TO FILTER INTERMARKET PATTERNS

Let's now show how Pearson’s correlation can be used to improve clas-
sic intermarket relationships. In Chapter 1, we showed that you can trade
crude oil using the Dollar index (see Table 1.3). You go long when the
doller is below its 40-day moving average, and you go short when it is
above that average. This relationship has been steady over the years, but
it did have problems during 1991 and 1992. During those years, this
model lost $3,920 00 and recorded its maximum drawdown.

By-using Pearson’s correlation as a filter for this smple intermarket re-
lationship, we are able to improve our mode’s performance. We will till
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enter and exit our trades using a 40-day moving average of the Dollar, but
we now also require a 40-day correlation between the Dollar and crude ail
to be less than —.5.

Using this new filter, we more than doubled our average trade and cut
our drawdown in half. Our first trade was on March 17, 1986, and our re-
salts, after deducting $50.00 for slippage and commissions, are as shown
in Table 8.1.

This model did not make as much as the original one, but the average
trade, drawdown, and profit factor all improved. In addition, the mode,
using the correlation filter, made $1,800.00 during 1991 and 1992, when
the origina model suffered its largest drawdown. Use of the filter re-
duced the number of trades from 167 to 55, and increased the profit fac-
tor from 2.07 to 3.07.

Let's look at another example of using correlation anaysis to develop
intermarket trading models. We will use the relationship between
T-Bonds and UTY, which was discussed in Chapter 1. Our model was
based on prices relative to a moving average. We used an §-day period
for T-Bonds and a 24-day period for UTY. We took trades when T-
Bonds and UTY diverged. If UTY was rising and T-Bonds were falling,
we bought T-Bonds. If UTY was faling and T-Bonds were rising, we
sold T-Bonds. For the period from 6/1/87 to 6/18/96, this model pro-
duced a little over $98,000.00, with 64 percent winning trades and about
a —$9,500.00 drawdown. Can filtering our trades, using the correlation
between UTY and T-Bonds, help even a system that performed this
well? If we filter our signals, we require a 12-day correlation between
UTY and T-Bond to be greater than .5(. Our results for the period from
6/1/87 to 7/26/96 are shown in Table 8.2.

TABLE 8.1 RESULTS OF TRULONC CRUDE OIL
USING THE DOLLAR INDEX AND CORRELATION.
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TABLE 8.2 RESULTS USING UTY TO TRADE
T-BOND WITH CORRELATION AS A FILTER.

Net profit $108,037.50
Trades 68

Win% 75

Average trade $1,588.79
Maximum drawdown -$6,593.75
Profit factor 5.28

The use of correlation as a filter improved amost every part of this
system’s performance. Net profit increased and drawdown dropped by
about 30 percent. We also won 75 percent of our trades.

Let's now apply a simple intermarket pattern filter to the use of
day-of-week anaysis. We will buy the S&P500 on Monday’s open when
T-Bonds are above their 26-day moving average, and we will exit this po-
sition on the close. This pattern has performed well from 1982 to date.
Table 8.3 shows the results from 4/21/82 to 7/26/96, with $50.00 deducted
for slippage and commissions.

The results of our buy-on-Monday pattern are good, but we can im-
prove them by using correlation. We first use a simple correlation be-
tween T-Bonds and the §&P500. Because we base this pattern on the
relationship between T-Bonds and the S&P500, we want to filter out
trades when the link between the S&P500 and T-Bonds is weaker than
normal. We therefore take trades only when the 2()-day correlation be-
tween T-Bonds and the S&P500 is greater than .40, This filter improves
the performance of our origina pattern. Table 8.4 shows our results

TABLE 8.3 RESULTS OF BUY MONDAY
WHEN T-BONDS ARE IN AN UPTREND.

Net profit $39,499.00
Profit  long $34,319.00
Profit ~ short $5,180.00
Win% 49

Average trade $718.16
Drawdown -$5,930.00

Net profit $89,100.00
Trades 417

Average trade $213.67
Win% 55

Profit factor 1.57
Drawdown —-$18,975.00
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TABLE 8.4 RESULTS OF BUY MONDAY WHEN
T-BONDS ARE IN AN UPTREND AND S&P500
AND T-BONDS ARE STRONGLY LINKED.

Net profit $88,200.00
Trades 268

Average trade $329.10
Win% 58

Profit factor 2.01
Drawdown -$7,775.00

for the period from 4/21/82 to 7/26/96, dlowing $50.00 for dippage and
commission.

Filtering the trades by usng corrdation not only improves our aver-
age trade by 54 percent, but also improves our percentage of wins, draw-
down, profit factor, and win/loss ratio. We were able to filter out about
160 trades that averaged about $6.00 each. We could have used higher
thresholds for our trigger, but that tactic would have filtered out too many
trades. For example, using an §-day correlaion and a.90 trigger yielded
over $500.00 per trade but produced only 36 trades in 13 years.

Let's start again with our buy-on-Monday strategy when T-Bonds are
above their 26-day moving-average pattern and we have an additiond fil-
ter. We now buy at the open on a Monday only when T-Bonds are above
their 26-day moving average and when T-Bonds closed higher than they
opened on Friday.

The new requirement, that T-Bonds had to close higher than they
opened on Friday, improved the performance of our origina pattern. The
results are shown in Table 85.

TABLE 8.5 RESULTS OF MONDAY RISK
WITH T-BONDS HEAVY AND UP FRIDAY.

Net profit $75,825.00
Trades 244

Average trade $310.76
Win% 57

Profit factor 1.86
Drawdown —-$13,800.00
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PREDICTIVE  CORRELATION

A correlation between two markets does not always mean that the current
movement in one market can be used to predict the movement in the other.
To address this issue, | have developed a concept called predictive corre-
lation. The idea behind predictive correlation requires taking a corrda
tion between an indicator N periods ago and a change in a given market
over the last N periods. For example, on daily data, we can take a corre-
lation between T-Bonds[5]-T-Bonds[10] and the S&P500-S&P500[5].
This corrdation will tdl us how predictive a smple momentum of
T-Bonds has been over the length of the correlation. The predictive cor-
relation curve is much different from the curve generated by standard
correlaion, but it does seem that they both trend in the same direction.
The power of predictive corrdation is that we can correlate an indicator
or intermarket market relationship to future price movements in the mar-
ket we are trying to trade. This alows us to use relationships and indica-
tors in rules, and to trade these rules only when these indicators are
currently predictive. Let's now add predictive correlation to our modified
S&P500 pattern,

We use Close[ 1] of T-Bonds—Open[ 1] of T-Bonds as our independent
variable, and Close-Open of the S&P300 as our dependent variable. We
go long on Mondays only when a35-day predictive correlaion is above
0. The amazing results, from 4/21/82 to 7/26/96, are shown in Table 8.6.

This system produced over $600.00 per trade, after deducting $50.00
for dippage and commissions. We won 66 percent of our trades and had
a profit factor of 3.75. These numbers are much better than any of the
variaionsthat did not use predictive correlation, and they should prove
the power of predictive correlation.

TABLE 8.6 RESULTS OF ADDING
PREDICTIVE CORRELATION.

Net profit $55,050.00
Trades 88

Average trade $625.57
Win% 66

Profit factor 3.75

Drawdown -$4,400.00
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USING THE CRB AND PREDICTIVE CORRELATION
TO PREDICT COLD

In Chapter 1, we discussed many of the classic methods for expressing in-
termarket relationships. One of the most powerful methods is a ratio be-
tween the intermarket and the commodity being traded. | will now show
you how to combine the ratio between the CRB and gold with predictive
correlaion to develop a very profitable and rdiable system for trading
gold.

The Commodity Research Bureau index (the CRB) is a basket of 21
commodities* This index has been traded as a futures contract since mid-
1986. It has had an inverse correlation to T-Bond prices and it has been
positively corrdated to gold during its history.

On the basis of this relationship, | decided to use the ratio between the
CRB and gold to develop a trading system for gold. When this rétio is
moving up, the CRB is outperforming gold, and gold should catch up,

Another fact about gold was reveded in my research. Often, when the
CRB darts moving, gold will firss move in the oppodte direction and
test support, before moving in the direction of the CRB.

On the basis of my understanding of the gold market, | am proposing
a system that (1) uses a moving-average crossover of the ratio between the
CRB and gold to generate its signals and (2) enters the market on a limit
order set at the level of an N-day exponential moving average. This con-
cept was tested on backadjusted contracts over the period from 1 1/18/86
to 7/26/96. The system is based on a sound premise. If inflation increases,
0 will the price of gold. Stll, it peformed badly and made only
$4,000.00 in profit over the test period. The reason the system did so
bedly is thet it had large drawdown during periods when the CRB and
gold decoupled. We can filter these periods out by using correlaion
andyss. Let's now add the predictive correlation between the retio of
the CRB/gold 5 days ago and the past 5-day changein gold. Thisample
gold model, coded in TradeStation’s EasyLanguage With parameters se-
lected based on my research, is shown in Table 8.7.

This ample mode has performed very wedl in the gold market over
the past decade. We tested the model using continuous backadjusted con-
tracts for the period from 1 1/18/86 to 7/26/96, and deducted $50.00 for
dippage and commissions. The results are shown in Table 8.8.

* The CRB was reformulated in December 1995.

TABLE 8.7 GOLD/CRB RATIO SYSTEM.

Vars: IntRatio(0},IntQOsc(0),Correl(0);

Vars; Ind(0}, Depl0);

intRatio=Close of data2/Close;

Ind=IntRatio[5]:

Dep=Close-Close(5];

Correl=RACorrel(Ind,Dep,24};
IntOsc=Average(IntRatio,12)-Average(IntRatio,30);

If IntOsc>0 and Correl>.6 then buy at XAverage{Close,80) Limit;
If IntOsc<0 and Correl>.6 then sell at XAverage(Close,80) Limit;

RACorrel is a user function developed by Ruggiero Associates. It calculates the standard
Pearson’s correlation found in any statistics textbook.

The model made over $48,000.00 during this period, and the system
was profitable on both the long and short sides. Another important point:
The entry method (buy on alimit set a the 80-day exponentid moving
average of the close) increased the average trade by over $500.00 when
compared to the method of entering at the next open when the signa first
occurs.

The system does have some problems, however. For example, the aver-
age winning trade lasted 45 days but the average losing trade lasted 144
days. We can help solve this problem by developing better exits for the
modd. Even with this problem, the modd is fundamentally sound and
could be the core for a system for trading gold futures or gold mutua
funds.

TABLE 8.8 GOLD/CRB RATIO
SYSTEM RESULTS.

Net profit $48,794.70
Trades 35

Wins 27

Losses a

Win% 77

Average trade $1,394.13
Drawdown -$11,250.00
Win/loss ratio 1.56

Profit factor 5.26
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INTERMARKET ANALYSIS AND PREDICTING THE
EXISTENCE OF A TREND

Intermarket analysis is another powerful tool for predicting when amar-
ket will trend. My research has shown that many markets will trend when
well-known intermarket linkages are strong-for example, the link be-
tween the S&P50(0 and T-Bonds. | have found that the S& P500 trends
when the 50-day correlation between the S&P500 and T-Bonds is high.

Let's ook a some examples of how intermarket linkage relatesto a
market's trending. Figure 8.1 shows that the 50-day correlation between
the S&P500 and T-Bonds started to fall in mid-July of 1995, at just about
the time when the S& PS00 moved into a trading range. The corration
bottomed in early September and then rose rapidly. During this rapid rise
and a stabilization at higher levels, the S&P500 rose 57.55 points in about
70 trading days without recording more than two consecutive days on
which the market closed lower than it opened,
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FIGURE 8.1 The correlation between the S&P500 and T-Bonds can
predict when a market will trend. In 1995, as correlation rose, the
5&P500 exploded and rose 57.55 points in only about 70trending days

This link between corrdation and trend also occurs during mgor
downtrends. An example, the last important stock market correction, in
February 1994, is shown in Figure 8.2.

One of the few downtrends in the $&P3500 occurred during the period
from 1993 to 1995. During this short time, the S&P500 dropped amost
40.00 points during just a 45-day trading period. When trading the S&P500,
correlation analysis can tell you when the trend is realy your friend.

This relationship between trend and intermarket linkage does not exist
solely for the S&P500 using T-Bonds. Gold amost never trends without
agtrong link to the CRB index. Using a 5(-day correlation between gold
and the CRB, | have found that almost every major up or down move in
gold started when the correlation between the CRB and gold was above
.40 and rising, or was stable above 6. The only mgor trend in gold thet
this relationship missed was the raly in gold that started in June 1992.

Let’s review an example of how the CRB can be used to predict trends
in gold. One of the last explogive rdliesin the gold market was in early
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FIGURE 8.2 Another example of how the correlation between the
S&P500 and T-Bonds predicts trends. The last major stock market
correlation occurred in February 1994,
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November of 1989. The correlation between the CRB and gold started to
increase in mid-October and rose steadily until November 27, 1989. Dur-
ing thistime, the gold market rallied over $50.00 per ounce. The corre-
lation broke above SO on November 7, 1989, and did not drop below SO
until December 21, 1989. During this time, gold rallied $26.70 per ounce
in only 31 trading days. (See Figure 8.3)

on thebasis of my research, the gold market will dmost never have a
major move until the SO-day correlation between gold and the CRB rises
above SO. This means that the great bull market that many believe will
happen soon in gold will mogt likely not start until the 50-day correla
tion between the CRB and gold rises above .50 while the CRB isin a
magor uptrend. Without the intermarket link between the CRB and gold,
most breakouts to the upside will fail within severd trading days.

In early 1996, gold had a breakout to $420.00 per ounce, and many ex-
perts predicted that gold would go to $450.00 per ounce within a few
months. Using correlation analysis, we could see that this breakout would
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FIGURE 8.3 We can use the correlation between gold and the CRB
to predict when gold will trend. The correlation broke above .50 on
January 7, 1989, and gold rallied $26.70 per gunce in only 31days.
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FIGURE 8.4 During the upside breakout in gold in early 1996, it
decoupled from the CRB and then failed.

fail and that the correlation from $420.00 down to $400.00 would be a
very strong trending move. Figure 8.4 shows that the breakout during
early 1996 occurred as the gold decoupled from the CRB. The move was
not a long-term move that would produce a rally of $50.00 or more. When
gold collapsed in early February 1996, it had a 50-day correlation with the
CRB of greater than .50. Once gold started its collapse, it dropped 24.00
points in one month. After that, the corrdaion between gold and the
CRB dropped, and gold once again moved into a trading range.

The correlation between intermarkets is a valuable tool for developing
trading systems and can even be a tool for discretionary traders. We will
learn later that it is even useful as an input for aneura network. Corre-
lation andysis and predictive corrdation, combined with intermarket
analysis, can be used to develop trading systems as well as to improve ex-
isting ones. Later in the book, we will use this type of anaysis to develop
systems based on advanced technologies such as neural networks.
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Using Statistical Analysis
to Develop Intelligent Exits

When most traders develop mechanical trading systems, they spend 90
percent of their time developing the entry signals. The exit signads are
usualy less complex and are tested only in combination with the entries.
Unfortunately, this process does not develop optimal exits for a given sys
tem and market. This chapter discusses how to develop properly designed
exit signals, using various statistica methods.

THE DIFFERENCE BETWEEN DEVELOPING
ENTRIES AND EXITS

The underlying logic between developing entry and exit signas is differ-
ent. When developing entry signals, we are trying to find a set of condi-
tions that statistically produces a good risk-reward ratio when taking a
position in a given direction. To judge how predictive a