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This book intends to shake the very foundation of the sleepy 
momentum monoculture that seems happily mired in decades-old 
simplistic models that not only fail to treat momentum as the multi-
faceted problem it is, but also fail to consider fundamental signal 
processing methods (older than Modern Portfolio Theory) that 
reduce the “random walk” part of the signal and improve the 
probability of making a better investment choice. The good news is 
two-fold: (1) The book’s principles and methods are described in a 
manner most ordinary investors will easily grasp, and (2) While it is 
truly complicated under the hood (like my car), software tools make 
it easy to drive.  So, buckle up, turn the page, and let’s go for a ride!  
 

Scott M. Juds 
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Chapter 5: 
Temporal Portfolio Theory 

 

Behold, the fool saith, "Put not all thine eggs in the one basket" 

 - which is but a manner of saying, "Scatter your money and your attention"; 

 but the wise man saith, "Put all your eggs in the one basket and  

– WATCH THAT BASKET." 

 

 “Pudd'nhead Wilson” 

– Mark Twain 
 

In a Nutshell  
Temporal Portfolio Theory (TPT) is a 

temporal (time series) momentum 

extension to Modern Portfolio Theory 

(MPT), first introduced in 1952. At 

the time, computers and electronic 

data were not available to do daily 

market analysis. Without temporal 

data, there could be no measure of 

momentum, which limited MPT to 

buy-and-hold diversification models. 

Risk is not a one-dimensional problem cured by a single act of diversification. 

It's a multidimensional problem, and diversification is just the start.  

 

Temporal Portfolio Theory’s Toolbox: 

 Momentum is Real:  It exists in market data and is our foggy crystal ball. 

 Signal-to-Noise Ratio:  Reduced noise/fog improves investment decisions.  

 Problem Segmentation: Bull & bear markets are different. Treat them so. 

 Ordinary Diversification: Single-stock risks must be diversified away. 

 True Sector Rotation: Only own trend leader. Higher return, lower risk. 

 Polymorphic Momentum: Adapt momentum filter’s shape and duration.  

 StormGuard-Armor:  Triple-factor market direction and safety indicator. 

 Bear Market Strategies: A separate integrated strategy for bear markets. 

 Portfolio of Divergent Strategies: Top-level, short-term risk reduction. 

 
A multidimensional problem requires a multidimensional set of tools. 

  



 Momentum in Market Data 
Proving that momentum exists in market data has long been1,2,3,4,7,10,12  a topic 

of academic research papers. Some of the more important ones will be 

discussed here, but for a more thorough and quite enjoyable review of academic 

papers in this field, I highly recommend curling up with a copy of “Quantitative 

Momentum” by Dr. Wesley Gray and Dr. Jack Vogel.16  
  

The Efficient Market Hypothesis suggests “there’s no there, there” for 

momentum. To know if this is true requires the ability to measure momentum’s 

presence. While academic researchers have largely focused on testing the 

performance outcomes of practical trading strategies to ascertain proof of 

momentum’s existence, a more direct statistical measure of the character of 

market data might be a better place to start the topic. 

 

The Hurst Exponent: Shortly after I began development 

in 1992, I ran into the fundamentally important book 

“Chaos and Order in the Capital Markets” by Edgar 

Peters.17 He discusses the rescaled range analysis method 

developed by Edwin Hurst in 1907 for his work in the Nile 

River dam project. Hurst thought he should know the 

character of the Nile river flow before designing the dam 

to be sure it would never be overfilled or completely 

emptied during its operation. Fortunately, he was in Egypt where there were 

2,000 years of data. Hurst showed in the plot of the rescaled range analysis 

(below) for Nile river minimums that the river flow statistics (represented by 

the black line) were much different from that of a random walk (represented by 
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the blue line) and that this difference was representative of its trending 

characteristics. Apparently, the way storms flow over the tributary collection 

basin makes river flow statistics non-random. Edgar Peters decided to apply the 

rescaled range analysis to the capital markets. For the math geeks amongst us: 

The rescaled range R/S is calculated as the average over the entire time interval 

t = 1 to T (left to right) of the maximum range R in the interval n, divided by 

the standard deviation of the data over each time interval n. 
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When plotted for the S&P 500 

on a log-log scale (right) it looks 

like the black line. If that data 

was a totally random walk, it 

would be like the blue line. If it 

was a linear trend, it would be 

like the green line. What we see 

is that for longer time intervals 

it is much more like a random 

walk, but for shorter time 

intervals it clearly shows it 

contains trending characteristics 

in much the same way as the 

Nile river data. The slope of the 

line (H) is called the Hurst 



Exponent. The same trending properties are seen for individual stocks, 

Japanese stocks, U.S. Treasuries, and even economic indicators.  Market data 

reactions are in truth only about human reactions to new information. How long 

to believe – to buy in – to be afraid – or to take action.  

 

Another way to view the Hurst exponent is to examine how it changes over 

time. The chart (below) spans 1981 through July 2017 and effectively plots the 

half-year rolling Hurst exponent for the S&P 500 index. Even with a half-year 

DEMA (averaging) filter, the plot is still rather wild with occasional dips to 0.5 

(randomness) confirming our instincts that momentum is not always with us. It 

is notable that in 2015 the Hurst exponent charted its longest complete loss of 

momentum in 20 years, apparently triggering a flood of hedge fund closures 

that reached record highs of nearly 1,000 per year. That was more than five 

times the rate new funds were opening. The blame commonly assigned for 

closures was that their momentum models were no longer working. 

Unfortunately for hedge fund managers, clients neither know nor care about the 

variable character of the Hurst exponent (trending) and only know to flee when 

the magic ends. Many pundits continue to speculate that “it really was different 

this time” – the algorithms are now in charge. However, the recent resurgence 

of trends suggests that the news of momentum’s death has been grossly 

exaggerated, to mutate a phrase from Mark Twain. 

 

 
 

Questions are frequently asked about using the Hurst exponent in momentum 

trading strategies to improve overall performance. One of the biggest battles 

traders fight is indicator signal lag. The above chart uses the 125-market-day 

(half-year) double exponential average smoothing on both the range and 

standard deviation values to achieve its smoothness. Most traders would say 

Hurst’s half-year lag is too painfully long. Perhaps even worse is that the 

Hurst exponent has no sense of direction. During the later portions of both the 

2001-2002 and 2008-2009 market crashes the Hurst exponent rose strongly – 

not indicating market direction, but indicating conviction to the downside. In 

neither case is there a market bottom signal. 
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The three charts below illustrate that the Hurst exponent can be very different 

from one sector to the next, and again it does not signal direction, but signals 

conviction. A survey of internet articles confirms interest in the topic, but 

there is an apparent inability to make practical use of it in real trading. 

 

        
 

Academic Research Evidence: 

In 1993 Narasimhan Jegadeesh, 

Emory University Professor of 

Finance, and Sheridan Titman, 

University of Texas, Austin, 

Professor of Finance, published,1 

"Returns to Buying Winners and 

Selling Losers: Implications for 

Stock Market Efficiency," which is 

widely considered the seminal academic paper proving momentum exists in 

market data.  Their 2001 paper7 confirmed their prior findings with 9 more 

years of data as illustrated by the summary results table below. They divided 

the stock market into 10 portfolios, grouped according to their prior 6-month 

0.50

0.55

0.60

0.65

0.70

94 96 98 00 02 04 06 08 10 12

H

Year

Hurst Exponent for FSVLX

1.0 = Linear Trend
0.5 = Random Walk 

0.50

0.55

0.60

0.65

0.70

94 96 98 00 02 04 06 08 10 12

H

Year

Hurst Exponent for FSHCX

1.0 = Linear Trend
0.5 = Random Walk 

0.50

0.55

0.60

0.65

0.70

94 96 98 00 02 04 06 08 10 12

H

Year

Hurst Exponent for FSESX

1.0 = Linear Trend
0.5 = Random Walk 

http://goizueta.emory.edu/faculty/academic_areas/finance/jegadeesh_narasimhan.html
https://www.mccombs.utexas.edu/Directory/Profiles/Titman-Sheridan
http://www.bauer.uh.edu/rsusmel/phd/jegadeesh-titman93.pdf
http://www.bauer.uh.edu/rsusmel/phd/jegadeesh-titman93.pdf
http://www.bauer.uh.edu/rsusmel/phd/jegadeesh-titman93.pdf


return, then held those stocks for 6 months and repeated the process. They 

found that portfolio P1, the upper 10% of the momentum sort produced an 

average return of 1.65% per month, while portfolio P10, the lower 10% of the 

sort, had only about 0.4% return per month. That’s a significant 16.8%/yr 

difference. Mom would be proud! 

 

 
 

Since the momentum profits in the 8 years subsequent to the sample period of 

their original 1993 paper were remarkably similar to the profits found in the 

earlier time period, the authors suggest this evidence additionally provides 

some assurance that market participants had not altered their investment 

strategies in a way that would eliminate this source of return predictability. 
This goes directly to the question as to whether an anomaly can persist in the 

free market once everyone has knowledge of it. In this particular case, if 

anything, the anomaly became a little stronger in both portfolios P1 and P10. 

Not a lot, but they did. This topic will be continued later in this section.   
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Eugene Fama, Nobel Laureate, 

University of Chicago Professor of 

Finance, and Kenneth French, 

Dartmouth College Distinguished 

Professor of Finance, in their 2008 

paper,3 "Dissecting Anomalies" 

confirmed momentum is "the 

premier market anomaly" that is 

"above suspicion." These are very 

powerful statements considering Eugene Fama developed the Efficient Market 

Hypothesis and yet fully acknowledges momentum is a pervasive exception.  

 

 

 

 
 

  



Industry Studies: Evidence that momentum exists in market data and can be 

delivered is found in the Economist article5 from January 2011, “Momentum in 

Financial Markets – Why Newton was wrong.” The article contains the below 

two charts. The chart on the left is a Credit Suisse study regarding British shares 

chosen for performance in the past 12 months and shows that the top 20% well 

outperformed the other groups. The chart on the right, an AQR Capital 

Management Study for U.S. shares, conducted in a similar manner, shows 

similar outperformance for the top 20% ranked stocks. 
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Columbine Capital: Further evidence that momentum exists can be found in 

the industry white paper,4 “Price Momentum, a Twenty Year Research Effort,” 

by John Brush of Columbine Capital. It cites prior work by several researchers, 

and of course, how Columbine further improved the algorithms with its own 

secret sauce. Columbine publishes performance charts for a handful of models 

and sells data to capital management companies. The Columbine Alpha Factor 

rankings (chart below) were first published in 1979. Based on a proprietary 

quantitative process, a stock’s Columbine Alpha Factor ranking represents an 

objective measure of that issue’s current price momentum, adjusted for recent 

beta and past volatility. The chart has been annotated to show three lines of 

constant return to put portfolio performance into perspective. The green line is 

a portfolio of the top 10% of ranked stocks, and the red line is a portfolio of the 

bottom 10% of ranked stocks. 
 

 

  



 Causes of Momentum – Will it Persist? 
Momentum in market data has been established. The aforementioned evidence 

is just a small portion of the total body of work showing momentum exists in 

every asset class, sector, world region, and as far back in time as trading records 

exist. Considering that by its very definition momentum is an indicator of future 

performance, a pragmatic investor should conclude that only two meaningful 

questions remain: 

 

1. How can I most effectively extract the momentum signal from noisy 

market data in a manner that helps improve returns and reduce risk? 

2. Will momentum in market data persist, or will it be arbitraged away 

as soon as the smart money and algorithms are tuned up to use it? 

Of course, this book is really all about the first question. However, to answer 

the second question requires first answering this underlying question: “What is 

the root cause of momentum?” It’s not difficult to find academic research 

papers on this topic with the aid of Google, but I personally find many of them 

are off in the weeds and short of imagination. Rather than listing and discussing 

their merits directly, I prefer to instead simply say what I believe is behind the 

magic curtain of momentum. Mind you, I do not represent my personal list of 

momentum’s root causes to be either formally researched or thoroughly tested, 

and if any portion of my list is in some way similar to what another researcher 

has proposed, then I am simply adding support to their conjecture. That said, I 

have been seriously contemplating and writing analysis software for this 

problem since 1992 – not with the mindset of an academic researcher, but with 

the mindset of an engineering product development junkie. In the process of 

testing many old and new ideas, some observations led to alternative 

explanations; perhaps there are multiple causes of momentum, and perhaps 

some causes have nothing to do with investors. I offer the following three 

hypotheses as root causes of momentum in market data. 

 

Hypothesis #1:  Information Lag Produces Momentum  
The Efficient Market Hypothesis is an influential economic theory closely 

related to the random walk hypothesis that was first discussed by French broker 

Jules Regnault in 1863 and later by French mathematician Louis Bachelier in 

his 1900 PhD thesis. It was largely ignored until the 1950s work on MPT, but 

more fully developed by Nobel Laureate Eugene Fama in his 1965 dissertation 

and a later paper refining and extending the theory in 1970. The weak form of 

the EMH claims that prices on traded assets already reflect all past publicly 

available information. 
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The EMH asserts that it is impossible to consistently "beat the market" because 

competition from millions of investors actively digesting all publicly available 

information quickly drives prices to their fair values. EMH concludes that 

searching for undervalued stocks, predicting market trends, and market timing 

strategies are pointless. In my humble opinion, the glaring error in EMH’s 

assertion is found in the phrase "publicly available information." This phrase 

has two parts: "publicly available," and "information."  Let's examine them. 

 

What does "publicly available" mean? Consider this teaching by Sun Tzu, a 6th 

century BC Chinese General, military strategist, and author of The Art of War,18 

that "All men can see these tactics whereby I conquer, but what none can see 

is the strategy out of which victory is evolved." The strategies of corporations 

are typically only superficially described in annual reports for competitive 

reasons, and thus are only partially publicly available at best. Even when Steve 

Jobs famously said, “and one more thing – here’s an iPad,” nobody knew the 

market research Apple had done, nor did they know the corporate partnerships 

negotiated. Most strategic information only becomes publicly available as 

marketing tactics and alliances are revealed over a period of time.  
 

Furthermore, most people are focused on chasing kids and careers and have 

little or no time to read or consider the strategies of the corporations in which 

they are invested, much less understand the benefits or implications of complex 

new product offerings. Information transmitted is not information received 

until it is understood. It takes time for everyone to hear the news, more time 

to understand it enough to form an opinion, and even more time to act on it. 

A day trader may be sitting ready to pull the trigger on numerous transactions 

the second there is any significant news, but everyone else might take days, 

weeks, or months, or even years for it to pop up on their radar.  

 

Of course, part and parcel of “understanding” is “belief,” and belief is very 

different for optimists (the early adopters), pragmatists (from Missouri, the 

“show me state”), and the pessimists (who can tell you why it will never work).  

Much of the population has the Missouri “show me” attitude: “the iPad looks 

pretty nice, but are sales actually matching the hype?” It takes time to generate 

sales, and sales growth generates more belief.  

 

Whenever Steve Jobs said, “and one more thing,” Apple’s stock price did not 

take a straight step up to the ultimate value that iPads would add to Apple’s 

value. Instead, the price moved up over a long period of time as the information 

and its understanding slowly disseminated into the population. Thus, 

information lag produces momentum.     

   



Hypothesis #2: Product Development Teams Create Momentum 

When Microsoft went public in 1986 for $21 a share, I was certain it was 

overblown. A few geeks made a deal to ride the back of Big Blue and their 

craftily acquired DOS became established as the preeminent PC operating 

system. So? That was old news. They were already established – where could 

that possibly go?  Oh – Windows?  Dang, I didn’t see that coming, but again, 

it’s already old news.  Oh – Office?  Dagnabbit again!  After a few more 

instances of the same, in 2000 I finally started saying, “Don’t sell Microsoft 

short until Bill Gates steps down.” I finally realized that quiet Bill Gates was a 

non-stop innovator who continuously powered the company forward. The same 

can be said for Steve Jobs, Richard Branson, Jeff Bezos, Elon Musk, and many 

others. Here, the basis of momentum is rooted in the leadership and the team. 

An excellent product introduction is rewarded with superb sales (and better 

personal compensation) making it likely the team will be happy to stick together 

and apply their extraordinary skills to other new product designs. The team is 

not subject to a reversion to average intelligence and average energy after each 

product introduction. Product development teams have their own momentum 

that produces momentum in sales and creates momentum in share price.  
 

Hypothesis #3: Self-Fulfilling Optimism Creates Momentum 
Humans have been momentum investors pretty much forever. Nobody wants 

to be left behind when a great opportunity appears to be rolling on past – unless, 

of course, their middle name is “pessimist.” Both optimism and pessimism are 

instincts baked in our genes – they are survival aids for living in a tough world. 

Market bubbles are driven by momentum feeding on itself. On the way up, a 

self-fulfilling prophecy supports ever higher prices until the optimists run out 

of fuel and are overwhelmed by the pessimists. Momentum reverses to the 

downside and feeds on itself again, continuing lower until there’s nobody left 

willing to sell. This can be absolutely brutal on a business. Growing a business 

rapidly when sales are rising is not difficult – you’re swimming in opportunity. 

However, on the downside, most businesses managers are unable to trim back 

overhead expenses quickly enough and soon burn through their cash. When 

their bankers turn off the credit spigot, the company is forced into bankruptcy.  

In many cases, strong moves higher are driven by fraud (and investor greed), 

and momentum’s reversal occurs when the fraud is revealed, and everything 

unwinds. Enron, Global Crossing, and WorldCom are among the classic 

examples. Still, there have been plenty of casualties for legitimate businesses, 

such as the 1840’s railway mania crash, the 1925 Florida real estate crash, the 

1929 stock market crash, the 1989 Japanese market crash, the 2001 dot-com 

market crash, and the 2008 financial market crash. Fortunately, sectors, asset 

classes, and markets never go out of business like individual companies. 
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So, Will Momentum Persist? 
In short, the good news and bad news is YES. Here’s why. 

 

The Good News: 

1. Any price momentum resulting from information lag is here to stay. 

Information lag is baked into our genes and our culture. 

2. Any price momentum resulting from momentum that is related to 

successful product development teams is here to stay. 

3. Any price momentum resulting from the self-fulfilling nature of 

optimism, pessimism, and greed is here to stay. 

4. Most importantly, momentum cannot be arbitraged away as can many 

other investment factors. For example, when too many investors 

participate in a value or dividend strategy, market prices react and make 

them less profitable. This is negative feedback. Providing more 

feedback (from participating investors), reduces the difference between 

price and value. However, momentum is a positive feedback scenario. 

Providing more feedback (from participating investors) increases the 

difference between price and value. Greater price movement provides 

a greater opportunity for momentum strategy profitability. 

 

The Bad News: 

This may be a bit geeky but stick with me. One might notice that the blue 

waveform in the Relaxation Oscillator below has characteristics similar to the 

two recent market crashes. Is there a basis for such an analogy? Does that mean 

another crash is imminent? I’d rate both of those a likely yes. Here’s why.   

 Like the market, the oscillator cycles between “Bull” and “Bear” periods 

during which the capacitor voltage (like market price) is either rising or 

sinking. At the end of each cycle, there is a sudden shift from one state to 

the other at some threshold – like running out of buyers or sellers. 

 Interestingly, shortly after momentum is formally made known in 1993 and 

concurrent with the rise of hedge funds (next page), the market takes off 

just as if something stepped on the accelerator. Could the positive feedback 

character of momentum algorithms be responsible? 



 Margin debt goes 4x higher after the rise of hedge funds. That’s new! About 

$370B in margin debt helped pump the market higher in 2000. Tech and 

biotech were the primary recipients of momentum’s benefits. 

 When margin debt gets maxed out, upward pressure evaporates. In 2000 it 

was initially only a tech crash triggered by the pop of the dot-com bubble 

with P/E ratios in the 100s. But, the 9/11 attack later added to the slide. 

 Excess loan defaults in highly leveraged mortgage-backed securities held 

by many financial institutions were triggered by rapid interest rate hikes 

prior to 2008. The solvency crisis in our financial infrastructure threatened 

everything and sent it into a tailspin that fed on itself as leveraged positions 

aggressively unwound in the decline until there were no more investors 

willing (or forced) to sell.   

 Today we sit locked and loaded with high margin debt for a second year 

ready to quickly unwind the leverage if pessimism takes hold. Simply 

stalling margin debt growth is not enough to trigger a crash. So far, 

optimism for getting healthcare, tax reform, and regulatory reform done has 

been sufficient to stave off a crash. For the moment, the market is betting 

that the CEOs and generals in the administration will characteristically 

prevail over political molasses and cause the job to get done. However, 

failure to complete this legislative agenda could shift opinion sufficiently 

toward pessimism to start a downward slide. 

 Even if no other punctuated event is strong enough to start a downward 

slide, there is still the matter of the demographic time bomb. As the baby 

boomers become the geriatric boom and no longer spend as they once did, 

it is quite likely that corporate sales will decline, forcing earnings down, 

and perhaps triggering an over-reaction to the downside. Japan’s geriatric 

boom leads ours by about a decade. Their economic malaise is often cited 

as the poster child for what could happen here. 
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Longer-Term Changes in Momentum 
The Hurst Exponent chart below is similar to the one a few pages ago, except 

that it has more smoothing and covers a longer period of time. 

 

 
 

The below events marked on the chart may relate to the decline seen over the 

decades. My overall interpretation of the chart is that computerized investing 

has squeezed some of the lag-induced momentum out of the market and made 

that portion of the market more efficient. However, in spite of the forces 

brought to bear on momentum by high-speed computing, deep learning AI 

algorithms, and an army of pedigreed mutual fund and hedge fund managers in 

the last 20 years, the Hurst exponent indicates that the degree of momentum in 

market data has stabilized because it inherently can’t be arbitraged away. 

 

(1) 1970: Multi-Access Interactive Time-Sharing Systems make serious 

market analysis widely available to all investment firms. 

(2) 1971: NASDAQ is founded as a virtual stock exchange on which orders 

were transmitted electronically and enabled computerized trading - moving 

from paper share certificates to "dematerialized" shares.  

(3) 1985: Trade*Plus offers a retail trading platform on AOL and Compuserve. 

(4) 1991: William Porter, a Trade*Plus founder creates E*Trade Securities. 

(5) 1994: K. Aufhauser & Co. (later acquired by TD Ameritrade) became the 

first brokerage firm to offer online trading via its "WealthWEB." 

(6) 1996: TransTerra launched "Accutrade for Windows," which led to a surge 

in investing online. In September they merged with Ameritrade. 

(7) 1997: ECNs (electronic communication networks) began to offer services 

to small investors. New brokerages were forming to serve online traders. 

It’s Game On! 
Momentum is Here to Stay – We’re Pulling Out all the Stops! 

https://en.wikipedia.org/wiki/NASDAQ
https://en.wikipedia.org/wiki/TD_Ameritrade
https://en.wikipedia.org/wiki/Investing_online


 Information Theory: Signal-to-Noise Ratio 
Claude Shannon (1916 to 2001, Bell Labs, National Medal 

of Science, Kyoto Prize, Medal of Honor-IEEE, and the 

Alfred Noble Prize) is widely considered the father of the 

field of Information Theory t1 whose groundbreaking work 

laid the foundation for modern digital communications, 

including the Internet, WiFi, cell phones, and digital TV.  

In his legendary papers of 1948,29 "A Mathematical Theory 

of Communication," and 1949,30 "Communication in the 

presence of Noise," Shannon introduced the concept of 

binary digitization of information and showed that the signal-to-noise ratiot3 

determines the probability of making the right decision when interpreting noisy 

data. This fundamental electronic communications principle is also the 

primary contributor to better investment strategy performance. 
 

Improving Momentum Indicators 

Momentum in market data causes the trends exhibited in equity prices. Trends 

are, by definition, a portal to the future, where something in the near past tells 

us something about the near future. Thus, trends are, in fact, the crystal ball we 

all hope to find – but real markets have noise, and market noise makes our 

crystal ball foggy. Seeing even a little bit of the road ahead changes everything. 

 

 

When it comes to improving the performance of momentum indicators, 

improving the signal-to-noise ratio is everything. Sector rotation performance 

depends on extracting the momentum signal buried in noisy market data. 

Although momentum in market data was formally found and confirmed 

decades ago, practitioners still struggle with building satisfying momentum 

strategies. To a signal processing engineer, this simply means that too much 

noise remains in the decision process. After all, Shannon proved that the 

probability of a signal leading to the right decision is directly proportional to 

its signal-to-noise ratio. Focusing on reducing the noise is Job-1.  
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An excellent analogy is the probability of correctly hearing your honey-do list 

from a soft-spoken spouse in a noisy café. Rewards are positively better when 

you get it right. The figure below provides a visual illustration of high, medium, 

and low signal-to-noise ratio (S/N). The size of the sine wave signal is constant 

in all three, but the size of the noise changes. The signal and noise RMS values 

(root mean square—like standard deviation) are used to calculate the ratio. 

 

 
 

It is common to state the ratio in decibels (dB), which is given by: 

 

S/NdB = 20 Log10[RMS(Signal)/RMS(Noise)] 
 

When the signal and noise are the same sizes, the ratio is 1.00, which translates 

to 0.0dB. When the signal is 3.16 times larger than the noise it is +10dB, and 

when it is 3.16 times smaller it is –10dB. It’s pretty easy to see that the sine 

wave becomes reasonably discernable when the S/N = 0dB or better and 

becomes quite unrecognizable when buried in noise larger than itself. 

 

In the good old days of analog TV 

broadcasting, it wasn’t uncommon to 

see “snowy” screens, such as the 

weatherman (right), when the signal 

from a distant broadcast station was 

weak. This image is close to 0dB S/N 

because the noise is about as bold as the 

desired image. At 0dB, the signal is 

already suffering serious fidelity 

problems, leaving the names and 

temperatures of some of those cities in doubt.    



 Differential Signal Processing 
Samuel H. Christie, Royal Society Fellow, is credited 

with giving us Differential Signal Processingt5 as a way 

to eliminate common mode noiset6 and improve the 

signal-to-noise ratio.t3 He first described his "diamond 

method" of measuring in his 1833 paper, "The magneto-

electric conductivity of various metals," as a method for 

comparing the resistances of wires of different 

thicknesses. Its value for reducing measurement errors in 

an electrical circuit went unrecognized until Sir Charles Wheatstone proposed 

it again in 1843. Although he credited Christie, it still became known as the 

Wheatstone Bridge. t10  

 

In the electrical diagram of the Wheatstone 

Bridge (right), the object is to measure 

resistance Rx without being susceptible to 

variations in battery voltage Vb due to age, 

capacity, temperature or other matters. In this 

diamond configuration, if the resistance of  

R1 = R3, the voltmeter Vg will read exactly 

zero volts when variable resistor R2 is 

adjusted to be exactly the same as Rx. Even if 

the battery voltage Vb varies by a large 

amount, the null reading is only dependant on the ratio of resistances being the 

same in the right and left current paths that determine the voltage at points D 

and B.  By using a differential measurement (the difference in voltage between 

points D and B) the voltage errors created by an imperfect battery (common to 

both points D and B) could be eliminated.       

 

The value of Samuel Christie’s method of making differential measurements to 

remove noise common to multiple signals is particularly easy to appreciate in 

the chart below illustrating relative prices of 12 mutual funds over a 2-year 

period. They exhibit significant short-term common mode noiset6 (their 

wiggles) and exhibit a broad range of long-term trends evidenced by their 

divergence from one another over the period. Looking at any one of these in 

absence of the others leads to a very different set of buy and sell signals. With 

differential signal processing, the question is not “is my fund trending well?”  

The question becomes “is my fund trending better than the other funds?”  

Differential signal processing has profound implications on the entire 

framework of technical analysis. Analysis of a single equity at a time on a 
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trading platform suddenly becomes understood as an inferior process. The 

analysis framework must change to one of simultaneous comparative analysis 

of a set of candidate funds to inherently employ differential signal processing, 

benefit from the further reduced noise in the selection process and result in a 

selection more likely to do well in the near future.   

 

The chart below plots the filtered momentum signals produced by each of the 

original nine SPDR sector ETFs over a 2-year period. Even though a large 

amount of short-term noise has already been removed, a significant amount of 

common mode undulation (moving like a herd) remains. These momentum 

signals are not judged individually according to some threshold, but rather are 

judged relative to their peers (the other candidate funds being considered). The 

process of comparing one against another to determine which of them has a 

higher momentum signal is “differential signal processing.” The one with the 

highest momentum signal is the trend leader and is most likely to do well next 

month. New monthly trend leaders are marked by a vertical yellow hash line.  

 

It turns out that restricting trades to month-end trading is superior to allowing 

trades to occur on any day a new trend leader emerges. The two primary causes 

of this effect are (1) funding retirement plans monthly, and (2) reporting fund 

performance monthly. Large investment sums start to trade near the end of the 



month for both reasons. Really large sums can only be traded over a period of 

many days without seriously affecting the market, but still, they do produce a 

higher quality momentum signal around the end of the month. While many 

investors have an itchy trigger finger, it’s better to be right than to be early. 

Month-end trading is virtually always superior. 

 

The Hurst Fingerprint: Interestingly, the spreadsheet calculation for the Hurst 

exponent (previously described) can be re-organized to show how the Hurst 

exponent changes relative to the end of the month. The left chart (below) is a 

plot of the Hurst exponent for the DJ-30 Industrials when the Hurst exponent 

is calculated for a specific day of the month. As can readily be seen, the Hurst 

exponent is measurably higher right around the end of the month. Thus, one 

would expect the performance of a momentum strategy to be higher if trading 

is done only at month-end (as opposed to only at mid-month) if the algorithm 

indeed derives its performance from the quality of the momentum signal. 

 

 
 

The chart on the right plots the performance of SectorSurfer’s “Fidelity 

KickAss Sectors” strategy for restricting its trading day to a particular day of 

the month. Its match to the month-end bump in the Hurst exponent is both 

notable and profound and represents serious fingerprint evidence connecting 

strategy performance to the quality (signal-to-noise) of the momentum signal.  

 

Not Everything Has Common Mode Noiset6:  In the chart (below) some funds 

have more similarities in daily price movements than others. FDCPX, FSHCX, 

FSVLX, FBMPX, and FSTCX are Fidelity sector funds whose daily price 

movements are much more like one another than to either the bond fund 

(FBIDX) or the gold miner fund (FSAGX). While an overall reduction in 

system noise could be expected for a sector fund strategy, the same will not be 

afforded to strategies that include bond funds or gold miner fund.  Since the 

https://sumgrowth.com/InfoPages/Sector-Rotation-Theory.aspx#Fingerprint


Chapter 5:  Temporal Portfolio Theory 
 

 

bond fund is relatively 

flat in comparison to any 

of the sector funds, the 

full complement of the 

sector fund noise would 

remain if differentially 

compared to the bond 

fund. The gold miner 

fund, on the other hand, 

appears fairly wild 

compared to the sector 

funds and is prone to 

more serious sharp 

reversals. Thus, the gold 

miner fund will likely add noise to the system analysis. The typical response of 

an adaptive tuning algorithm is to add more filtering (meaning longer time 

constants) to reduce the noise. Unfortunately, this also adds additional lag to 

the response to major world events. 

 

The Return Cross Correlation chart (below) illustrates the significant difference 

between a daily correlation and a 60-day average correlation between the 

Fidelity sector funds FSVLX (Consumer Finance) and FSPHX (Healthcare). 

While the daily correlation (blue) suggests strong similar behavior between the 

sectors, when a 60-day moving average filter is applied to the data to remove 



short-term common mode noise, something wholly different emerges. The 

negative correlation spikes (green circles) are periods when longer-term fund 

trends are opposite one another – one fund is increasing while the other is 

decreasing.  Removing short-term common mode noise improves the signal-to-

noise ratio, better reveals the trend signal, and improves the probability of 

making a better decision. 

 

To appreciate the value of differential signal processing in a trading 

environment, it must be contrasted against “solo signal processing,” which 

means deciding by looking 

only at a single fund. In the 

Solo Signal Processing chart 

(right), FSHCX (Fidelity 

Medical Delivery) is plotted in 

green along with a money 

market fund in red. The 

investment rule is that FSHCX 

will be owned whenever the 

trend for its daily return is 

higher than that of the money 

market fund: The money 

market fund is owned 

otherwise. There are 10 little 

yellow bars on the bottom 

chart, each indicating a trade 

from one to the other. The 

results of these trades are 

shown on the top chart by the 

yellow line. The performance 

here clearly is poor, primarily 

because it is too often the 

victim of whipsaw losses. 

However, when FSHCX and FSELX (Fidelity Electronics) are played against 

one another in the Differential Signal Processing chart (right) to eliminate their 

common mode noise from the decision 

process, the results are completely 

different. Now there are only three trades. 

Now, whipsaw losses have disappeared, 

and the trade decision results are quite 

spectacular. Investing is not a solo 

contest, it’s a horse race. Change horses 

to stay on the fastest horse. 
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 True Sector Rotation  
One occasionally sees charts such as 

this (right) that tie market cycles to 

economic cycles. Along the top are 

market sectors that are said to benefit 

at various stages of an economic cycle. 

The stages of an economic cycle are 

identified along the bottom. This, of 

course, speaks to the concept of Sector 

Rotation. If we instead draw wave 

cycles for each market sector and 

suggest that each sector wave is 

analogous to a piston in our economic 

engine, then a Sector Rotation model 

might look something like this second 

chart. The smoothest and most 

powerful ride from an engine is when 

all pistons are sequentially firing, and there are no missing power strokes. 
 

Most professionals practice sector rotation by periodically adjusting allocation 

weights of their sector holdings to some degree of over-weight or under-weight, 

but never all-in on the best performing sector. As suggested by the prior section, 

investing is not only a horse race, but the best risk and return performance are 

achieved by owning only the trend leader. True Sector Rotation is the method 

of owning the one, and only one, trend leader among a set of candidate funds.  
 

Even though mutual funds and ETFs are composed of dozens to sometimes 

hundreds of companies, owning a single fund often triggers the fear of 

insufficient diversification. How can a single thing possibly be sufficiently 

diversified?  Owning a single fund often triggers the fear of insufficient 

diversification. The table (right) 

illustrates that even the least 

diversified of these four Asset 

Class Proxy Funds (see Relative 

Risk earlier) holds 156 stocks. 

The risk of failure of any individual company is already more than sufficiently 

diversified away. Even when talking about sector ETFs, the risks involved with 

owning a single stock are virtually washed out because of its diversification 

among many companies. Furthermore, any diversification lost by not 

owning a broad index is gained by employing “serial diversification” 

to rotate from sector-to-sector as trend leadership changes.  
  



Serial diversification reduces risk through avoidance, as opposed to reducing 

risk through dilution as occurs with traditional diversification. In a True Sector 

Rotation strategy, not only are you betting on the momentum of the current 

home run hitter but at the same time, you are also avoiding the likely laggards. 

Serial diversification is like serial monogamy: falling in love with 

many funds over time but falling in love with only one at a time.  
 

 

How Diversified is Diversified? Before getting further into True Sector 

Rotation, let’s first do a little experiment regarding the diversification of 

sectors. For this experiment, the risk 

and return statistics of the original nine 

SPDR sector ETFs (right) will be 

examined over the period of 2010 

through July 2017. The market crash 

period of 2008-2009 was specifically 

excluded because at this time the 

participation of these ETFs is also 

excluded in real strategies because market direction indicators force them to the 

safety of cash.  First, the ETFs are sorted by their annualized return over the 

period from highest to lowest. The chart (below) plots the equity curve for 

equally weighted portfolios ranging from holding only the Top-1 ETF through 

holding All-9 ETFs. The steadily declining return performance of these 

portfolios as more ETFs are added eventually results in the All-9 ETFs portfolio 

– and not surprisingly performs nearly identical to the S&P 500 market index. 
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The rainbow chart (right) plots the annualized 

return versus the annual standard deviation 

for the nine portfolios plotted above. The 

dotted red line illustrates what could be 

achieved simply by holding a percentage of 

the portfolio in cash.  Since all but the worst 

of the Top N portfolios hug the dotted red 

line, there is no added value to further owning 

the 2nd or 3rd best. However, later we’ll show 

that owning the home run hitter from each of 

a set of divergent strategies does have value. 

 

How do We Play to Win? Below is a plot of sector trends measured over a 10-

year period with the S&P 500 plotted in white. Notably, the S&P 500 is 

ALWAYS in the middle.  By definition, at any time, about half of the sectors 

will be beating the S&P 500, while the other half will be sucking dust. Only by 

owning the trend leader and avoiding the laggards can one simultaneously 

improve returns and reduce risk. If we want to beat the market, we must: 

 

“Own only the Trend Leader” and have “No Missing Power Strokes.” 

 

 
 

An Example. An easy way to ensure there are no missing power strokes is to 

start with a more conservatively broad set of candidate funds that are more like 

broad asset classes and investment objectives, such as the SmallCap, MidCap, 

LargeCap, Growth, Value, Balanced, 

Bonds, Utilities, Europe, Global, and New 

Markets Fidelity mutual funds (right). 

Although we should not expect this set of 

funds to perform as well as a set of sector 

funds, this set does ensure that we will have 

no missing power strokes and allows us to 

focus on the matter of “owning only the 

trend leader.” This set of funds is employed 

by each of eight Fidelity Asset Class 



Strategies summarized in the Performance Comparison table (below) and more 

thoroughly documented in their Charts G1-G8 of Appendix P. An equally 

weighted portfolio of these funds would have a bond allocation weight of 

approximately 17%, a stock allocation weight of approximately 83%, and thus 

would be expected to have a Relative Risk value between that of the Consensus 

Growth and Consensus Aggressive portfolios – as is confirmed by the 

portfolio’s  marker in the Fidelity Asset Class Strategies chart below. 

Strategies G7 and G8 are included as a foreshadowing of further performance 

afforded by Polymorphic Momentum, StormGuard-Armor, and integrated Bear 

Market Strategies to be discussed in subsequent sections of this chapter. 

   

Data markers  to  of the 

Fidelity Asset Class Strategies 

chart (right) plot the CAGR and 

Relative Risk performance 

listed in the above table for 

each corresponding strategy.  It 

is notable that the fund 

selection algorithms for all 

eight strategies succeeded in 

producing better returns than a 

basic portfolio of equally 

weighted funds. However, the 

only three strategies to 

successfully reduce Relative 

Risk additionally employed 

either StormGuard-Armort22 or the Death Crosst21 as a market direction 

indicator to separately and better address the character of bear markets. The 

best performing strategy, G8, additionally implemented a complete Bear 

Market Strategy t15 to further improve bear market returns. The BMS-Fidelity 

P: 

G1 G8 

Performance Comparison of Eight Fidelity Asset Class Strategy Configurations. 

     Appdx 

Chart
Bull Market Algorithm

Market Direction 

Indicator

Bear Market 

Algorithm
CAGR

Relative 

Risk

Sharpe  

Ratio

Max 

D.Down

--- S&P 500 Dividend Adjusted --- --- 10.1% 109% 0.45 55%

P: Portfolio: Equal Weight Funds --- --- 9.8% 91% 0.54 48%

G1 1-Mo. SMA --- --- 14.0% 99% 0.67 38%

G2 3-Mo. SMA --- --- 13.2% 90% 0.59 32%

G3 12-Mo. SMA (Dual Momentum) 12-Mo. SMA of S&P Money Market 11.9% 107% 0.52 35%

G4 125-Day EMA  (like Fund-X) --- --- 11.0% 122% 0.43 46%

G5 1-Mo. EMA --- --- 14.5% 93% 0.78 38%

G6 1-Mo. EMA (no bonds) Death Cross Money Market 13.2% 63% 0.77 27%

G7 Polymorphic Momentum StormGuard-Armor Money Market 15.4% 60% 0.96 32%

G8 Poly. Momentum (no bonds) StormGuard-Armor BMS - Fidelity 19.6% 63% 1.30 32%
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bear market strategy that it uses selects the best trending of eight candidate 

bond, Treasury, and money market funds to provide the best opportunity for 

positive returns in a down market.   

 

The Hindsight Selection Bias Problem: An excellent example of hindsight 

selection bias would be deciding to buy shares of the XLE SPDR energy sector 

ETF (right) based on its past two years of 

performance and believing it is a fine addition 

to your buy-and-hold portfolio. Conversely, 

there would be bias against adding a sector 

ETF to a portfolio that had been punished for 

a few years. The two solutions to this problem 

are (1) invest so broadly that all these bumps 

average out, or (2) enlist the help of a True Sector Rotation algorithm to make 

the trade to a new trend leader when the current one wanes.  

 

Interestingly, the problem doesn’t end there. Malformed True Sector Rotation 

strategies can also fall susceptible to this problem. Let’s now reconsider the 

same sector trends chart we saw earlier, but with a few newly added arrows. 

 

 
 

Note how the green fund is a hot performer on the left side of the chart but is 

sucking dust on the right side. Conversely, the orange fund sucks dust on the 

left side and is a hot performer on the right side. If you decided to build a 

strategy 5 years ago (center of the chart) and fail to include the orange fund in 

your strategy at that time, it would result in a missing power stroke today. 

Instead, the worthless green fund would be in the strategy simply sucking dust.     

Hindsight selection bias can produce questionable future performance 

estimates – some lucky sequence may not happen the same way in the future 

and your strategy’s performance could get an unexpected flat tire.  

 

Avoiding Hindsight Selection Bias:  There are three good methods for 

avoiding hindsight selection bias – two of them help during the building of a 

strategy, and the third provides protection from hidden landmines that remain. 



Method #1: Carefully review the list of sectors covered by the candidate funds 

to be sure no primary market sector is missing. For the purposes of True 

Sector Rotation, a strategy should include at least healthcare, technology, 

energy, financial, industrial, and retail. One can argue all day long about what 

constitutes a primary market sector. Keep in mind that there is also a healthy 

redundancy between many sectors simply because large companies are often in 

more than one sector. What really is the business of GE (General Electric) or 

AMZN (Amazon)?  Because of these overlaps, there are rapidly diminishing 

benefits for having more than about 6 to 8 candidate funds. That said, if 4 more 

candidate funds increase the CAGR by another 1%/yr that is plenty reason by 

itself for including more funds rather than fewer funds. If a narrow sub-sector 

fund is present in the strategy, such as the IAT iShares regional banks ETF, it 

may be wise to further include the broader IYF iShares financial ETF to prevent 

having a flat tire in performance in the future because the regional banks sub-

sector was too narrow to properly represent the entire financial sector.  

 

Method #2:  Add a strategy performance backstop fund, such as MDY (SPDR 

MidCap ETF), which in effect is requiring that the other candidate funds 

perform at least as well as MDY to even be considered. As will be covered 

later, stock strategies are particularly prone to hindsight selection bias because 

of the ‘rising star” period in the history of many prominent stocks that rarely 

repeats but produces beautiful looking charts that can only be built with the 

vision of hindsight. However, one legitimate method of building a stock 

strategy is to determine its candidate stocks by selecting them from the top 10 

holdings of related sector funds, and then add one or more performance 

backstop ETFs. For example, a regional bank stock strategy could be 

constructed using stocks listed in IAT (iShares Trust regional banks ETF) and 

FSRBX (Fidelity Select regional banks fund), and then additionally include (1)  

IAT, or better yet KRU (ProShares Ultra regional banks ETF), and (2) MDY, 

or better yet MVV (ProShares Ultra MidCap 400 ETF). The reason for 

suggesting both Ultra ETFs (2x leveraged) is that the 1x ETFs are 

comparatively tame (lower in potential return and volatility) compared to 

individual stocks because of their inherent diversification – thus the Ultra ETFs 

are a better match (similar volatility) for providing a performance backstop for 

stocks. 

 

Method #3:  Even after working hard to prudently avoid hindsight selection 

bias in a strategy, still something might have been missed. Alternatively, with 

the avalanche of sub-sector ETFs becoming available, opening the funnel wider 

to provide competition from many more sub-sectors could provide an 

opportunity for even better performance. Both can be accomplished by a 

higher-level evaluation referred to as a Strategy-of-Strategies (SOS). 
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It is the job of the SOS to determine which one of multiple underlying 

strategies is doing the best, and thus to own only the best trending fund of the 

best trending strategy. Below is an excellent example called, the Vanguard 

HoF SOS, because it is composed of 11 Vanguard strategies originally taken 

from the SectorSurfer Strategy Hall of Fame online page (discussed later in this 

chapter). 

 

An SOS reduces selection bias risk by avoiding strategies that get flat tires. 

 

 
 

The focus of each of the 11 strategies is generally represented by the strategy’s 

name (upper left of chart). The multi-colored equity curve indicates which of 

the 11 underlying strategies was designated as the trend leader at the time. With 

an SOS it is not necessary to know today which of these strategies will do better 

in future periods – the SOS will automatically switch over to the one that proves 

to have been the better design for that period. Marked in yellow on the chart is 

a particularly obvious example where a nicely performing fund lost its way and 

has since had a flat tire for 3 years. The SOS, however, performed quite well 

during the same period. An SOS is simply an added supervisory level of True 

Sector Rotation that addresses the hindsight selection bias problem where the 

funds that you selected do not play out in exactly the same way in the future.   



 Matched Filter Theory  
John Van Vleck, a Nobel Laureate (1977) and a National 

Medal of Science winner (1966) gave us what is known 

today as Matched Filter Theoryt4 in his 1946 paper, "A 

Theoretical Comparison of the Visual, Aural, or Meter 

Reception of Pulsed Signals in the Presence of Noise." He 

showed that when extracting a signal from a noisy data 

source the optimum signal-to-noise ratiot3 is achieved by 

using a matched filter designt4 to process the signal. This 

is the third important tool we have for improving the signal-to-noise ratio. This 

tool is widely known among electronic signal processing engineers who have 

broadly used it to deliver the astounding performance improvements that we 

have witnessed with the arrival of cell phones, WiFi, digital TV, and the like. 

Meanwhile, over the same period, there has been comparatively little 

advancement from Harry Markowitz’s MPT, now 65 years old. I think it’s time 

to apply matched filter theory to the problem and move the needle a bit. 
 

Matched Filter Definition: According to Wikipedia,t4 a matched filter is the 

optimal linear filter for maximizing the signal-to-noise ratio (SNR) in the 

presence of additive stochastic noise. Put simply in visual terms, it means: 

 

The Best Filter Shape Matches the Signal Shape. 
 

For example, consider the 88.5MHz FM radio signal below, with two side 

lobes, sitting in a lot of low-level broadband noise (like grass). The best filter 

for improving the signal-to-noise ratio (clarifying the reception) is a filter (red) 

that matches the spectral shape of the FM broadcast signal. The red filter would 

optimally let the FM radio signal pass, but sharply cut out the broadband noise.   

Although this concept is relatively easy to understand, the version we actually 

need is the one that operates in the time domain, as opposed to the frequency 

domain, because our data arrives as a series of price samples over time. 
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The time domain matched filter concepts are a bit more convoluted – but you 

don’t need to be an expert in matched filter design any more than you need to 

be an expert in smartphone design to know how to use one. You just need to 

know that you need one and start using it. 

 

Consider the red time domain signal (below) leading up to an event (purple dot 

– such as a market crash). If we have many such examples of the event that we 

can look at, we might find there is a correlation signal (green) leading up to the 

event.  In the time domain, a matched filter has an impulse responset7 (black 

dashes), that is the Mirror image shape of the correlation signal. An impulse 

response is like seeing how something responds after tapping it. Tap the water’s 

surface and you’ll get a series of decaying waves similar to the example above.  
 

Let’s say the problem at hand is to design a market direction indicator that will 

tell us whether or not to move our investments to the safety of cash next month. 

To solve this design problem, we need to find the pre-event correlation (green) 

that determines the impulse response (black dashes) of the optimum trend 

extraction filter. So, what’s the event that we want to predict? The event is “next 

month’s market performance.” What will we correlate with that event? We 

must find the correlation between the event (next month’s return) and the 

returns for each of the days leading up to it. This is that correlation. The 

horizontal axis is the number of 

days preceding the event, and the 

vertical axis is the correlation of 

the data from prior days to next 

month’s returns. Recent past 

days are on the right, and far past 

days are on the left. It has near 

zero correlation for days 

immediately preceding the 

month and grows to a peak a few 

months back in time.  



Thus, the ideal momentum filter would look like a mirror image of the S&P 

500 Trend Correlation chart (below-left). The impulse responsest7 (below 

right) for three candidate filters are charted for consideration – two of which 

are well known, and a third that is not so well known. In green is a simplistic 

50-day simple moving average t10 (SMA) filter.  Its impulse response is flat for 

50 days and then goes to zero, meaning that it will equally weight data from the 

past 50 days and ignore anything further. In red is a 50-day exponential moving 

average (EMA) filter, which declines exponentially to its 1/e point (36.8%) at 

50 days, with a tail extending to about 200 days. In Blue is a 50-day 2nd order 

EMA filter (sometimes called DEMA) with a humped impulse response. 

Clearly, the 50-day 2nd order EMA impulse response looks the most like the 

mirror image of the correlation data. Let’s check it out. 

 

When the correlation data is run 

through each of the filters using a 

range of time constants (not just 50 

days) and plotted (right) it is self-

evident that the 2nd order EMA 

filter (blue) performs measurably 

better than the others. This is why 

both SectorSurfer and AlphaDroid 

use the 50-day 2nd order EMA for 

their StormGuard-Standard market 

direction indicators which decide 

when it is time to move to cash. 

Note: In practice, StormGuard-Std. uses a -0.6% per month decision threshold 

offset. At any point in time approximately half of the funds are performing better 

than the S&P 500 Market Index, and the other half are performing worse. Thus, in 

order to capture the maximum performance from a set of candidate funds, it is better 

to let the funds doing better than the S&P 500 Market Index continue to contribute 

for a while until the market’s -0.6% per month decision threshold is finally met.  
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The below plots show the returns of numerous SectorSurfer strategies versus 

different time constants being used for their StormGuard-Std. market direction 

indicators. Their performance peak at about 50 days is NOT an accident!  The 

pair of red arrows illustrates how the 50-day time constant is really a 

compromise: React too fast and you suffer from whipsaw losses when 

sharp drops often snap back. React too slowly and you will get hurt if 

it really is a major market collapse. 

What about performance decades earlier? Below is StormGuard as applied 

to the S&P 500 over the period 1950 through 2015. StormGuard was designed 

to address the long, large market crash events, but not the short, sharp events, 

such as the 1987 liquidity crisis (blue arrow). Had one owned the S&P 500 over 

this period, except when StormGuard indicated a move to the safety of a money 

market fund, the statistics indicate that the annual return would have been 

nearly 1% higher and the risk would have been reduced by about 30%. 

 

 



Indicator Comparative Evaluation: StormGuard’s robustness was tested 

with six fairly divergent momentum strategies: (1) ETF USA Diversified, (2) 

ETF SPDR Sectors, (3) Fidelity US Diversified, (4) Fidelity International, (5) 

Vanguard US Diversified, and (6) Vanguard International. The strategies are 

all month-end traded, use the 12-mo. SMA as the measure of momentum. They 

were evaluated with six market direction indicators which determine when the 

strategy should exit to the safety of a money market fund. The chart below 

summarizes their performances, averaged over the six strategies. Detailed 

strategy definitions and performance evaluations are provided in Appendix H. 

 

 
 

The takeaways include (1) any market direction indicator is better than none, 

(2) matched filter theory t4 handily beat the pants off two industry stalwarts D 

and X, and (3) “keeping it simple” leads to underperformance. 

 

D 

N 

S 

Q 

X 

? 

No Bear Market Exit: 12-mo. SMA momentum indicator determines the 

trend leader for month-end trading in both bull and bear markets.  

Delta Market Sentiment: The position of ~3,600 stocks relative to a 

medium-term moving average. The indicator triggers month-end only.  

Death Cross 50/200: The classic S&P 500 50d / 200d SMA crossover, 

going down or up. The Death Cross indicator triggers month-end only.   

StormGuard-Standard: Double EMA 50-day of daily returns (x21), offset 

by 0.6%. StormGuard-Standard triggers month-end only.   

StormGuard-AQR: Same as StormGuard-Std. with a 3x acceleration when 

rebounding from a crash. StormGuard-AQR is allowed to trigger any day. 

Mystery Indicator: A teaser illustrating additional improvements possible 

by integrating more information and applying more problem segmentation 

to the decision process – see the later StormGuard-Armor section.  
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The process of matched filter theoryt4 sounds fairly straightforward: First 

determine the correlation signal indicative of next month’s returns, which 

identifies the optimal trend filter having a mirror image impulse response, 

which improves strategy performance and produces results actually worthy 

of our attention. However, this was a 75MB spreadsheet by the time I was 

satisfied with its various nuances. Comparatively, applying matched filter 

theory to a strategy’s differential signal processing algorithm for any 

combination of 12 ticker symbols is a much more complex problem, and is the 

topic of the subsequent Automated Polymorphic Momentum section. 

 

The Noise Reduction Summary Diagram (below) illustrates how daily market 

data for each candidate fund is first passed through a momentum filter to 

eliminate as much extraneous market noise as possible, then compared with 

other momentum signals to remove remnant common mode noise. The fund 

with the highest momentum signal is finally designated as the trend leader and 

the one to own. A buy signal is generated for newly identified trend leaders at 

the end of each month. While an asset class rotation strategy typically averages 

two or three trades per year, a typical sector rotation strategy will average three 

to five trades per year – leaving plenty of time for chasing kids, a career, or a 

few spunky fish. 

 

 
 
In the quest for improving signal-noise-ratio, the value of ordinary 

diversification must always be considered. While individual stocks are 

susceptible to catastrophic failure, quarterly earnings debacles, trader 

manipulation, and many other ailments, a mutual fund or ETF virtually 

eliminates those risks through ordinary diversification by holding shares in 

many dozens of companies. Thus, noise reduction afforded by diversification 

significantly improves the behavior of funds in an asset class or sector rotation 

strategy. Conversely, momentum strategies selecting individual stocks are not 

afforded these noise reduction benefits and are likely to have trouble reliably 

passing leadership from one stock to another because of their much higher noise 



between individual stocks. Most investors prefer trading stocks to trading ETFs 

because of their higher return potential and special situation stories that can be 

told about stocks that cannot be told about sectors or funds. However, sectors 

make up for their lower return potential by (1) offering momentum strategies a 

higher probability of making better investment choices, and (2) by having much 

lower overall volatility.    

 
A Nudge: When the first automobiles were designed, aerodynamic efficiency 

never made the list of things to improve. Tires, engines, headlights, and comfort 

were problematic and topped the list. Eventually, the need for speed and 

efficiency became an evolutionary force of its own and the original boxy design 

morphed into the aerodynamic designs of today. The SMA momentum filter 

was a nice place to start, but it is no more optimized for performance than the 

Model T in its day.   
 

 
 
 
 

  

Think Outside the Box 

          Someplace to Start                        Designed for Performance 

Note: The straight-forward definition of EMAt11 that is used in engineering 

and physics (and in this book) is slightly different from what is used by most 

financial charting software,t12 which includes a 2X scale factor to artificially  

cause an EMA and SMA using the same time constant to produce more 

similar looking results. Furthermore, the definition of 2nd order EMA, or 

DEMA (double exponential smoothing)t11 used herein is simply a second 

processing of the data through the same filter:  DEMA = EMA(EMA).  

However the technical analysis definition set by Patrick Mulloy t13 is an odd 

hybrid that helps reduce indicator lag:  DEMA = 2*EMA - EMA(EMA). 
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 Automated Polymorphic Momentum 
While it’s now generally accepted by academics1,2,3 and industry 

professionals4,5 alike that momentum is the “premier market anomaly” that “is 

above suspicion,” there is typically neither rationale nor defense for the 6- or 

12-month look back periods6,7 commonly used in academic studies measuring 

momentum. Notably, Information Theoryt1 and Detection Theoryt2 dictate that 

the probability of making an excellent investment decision for a subsequent 

period of time will be directly proportional to the signal-to-noise ratiot3 of the 

employed momentum indicator signal. While Matched Filter Theory has shown 

that the 12-month SMA is far from the ideal momentum indicator for the S&P 

500, a casual observation of the character differences between, Treasuries, 

bonds, utilities, market indexes, sectors, and commodities would suggest that 

different asset classes might require using different shapes and/or durations of 

momentum filters.  

 

Furthermore, neither the character of the market nor the character of funds 

participating in a momentum strategy is static. The character of the market is 

affected by politics, world events, and technology, all of which weigh heavily 

on whether the market exhibits confident growth, nervous stagnation, or 

rampant selling. The character of a momentum strategy is driven by the 

relationship between its candidate funds, which changes over time as funds with 

shorter data histories start contributing in later years. For these reasons, a 

momentum filter with both adaptive shape and duration has substantial value.   

 

Automated Polymorphic Momentum simply means automatically changing 

the shape and duration of the momentum filter over time to adapt to changes 

in the character of the market and/or changes in the set of candidate funds 

participating in the strategy. 

 

Introduction: In the following analysis, the term “strategy” will refer to a set 

of 12 candidate funds that are evaluated by a momentum algorithm at month-

end to determine which one – and only one – of the candidates will be owned 

for the next month. The set of 12 candidate funds for each strategy is selected 

randomly from one of the three fund sets: Fidelity General, Fidelity Sectors, 

and ETFs Pre-2007, as detailed in Appendices I, J, and K, respectively. Large 

sets of random strategies are created and evaluated using the Strategy 

Evaluation tool of Appendix L, which employs the same thoroughly-validated 

strategy algorithm engine embedded in both the SectorSurfer and AlphaDroid 

automated investment services (first debuting online in 2010). High-quality 

market data is provided by FastTrack. 

 



Momentum researchers seem to quickly default to the equally weighted 6- or 

12-month look back period6,7 as their choice for a momentum indicator without 

considering how amazingly improbable it would be that the universe (or other 

natural processes) would hand us an optimum filter function having a period of 

exactly one year that was exactly equally weighted from start to end. Really? 

Why have momentum researchers failed to evaluate and incorporate the 

relevant mathematics of matched filter theory? Perhaps it’s just unknown in 

their field. It’s hard to search for something you don’t know exists. Perhaps it’s 

about an underappreciation for the importance of signal-to-noise ratio in 

detection and decision-making processes. Or, perhaps it’s just the difference in 

focus between researchers trying to “confirm and explain” versus a design 

engineer trying to “improve and automate.” The following material will 

demonstrate:  

 

 The SMA-125 (having a period of 125 market days, or 6 months) and the 

SMA-250 (12 months) are not optimum measures of momentum; 

 The set of candidate funds significantly affects the strategy group dynamics 

and how best to measure relative momentum; and  

 The decision of being in or out of the market is different from deciding 

which fund to own and leads to separate bull and bear market solutions. 

 

Which Trend Is Your Friend? 

While momentum is a measurement of the trend, the numerous measurement 

algorithms (such as SMA, EMA, DEMA, RSI, MACD, etc.) and a wide range 

of trend time periods (such as a week, month, quarter, year, etc.) beg the 

question. The scope of the problem is illustrated in the table (below), which 

contrasts the performance of 30 strategies, each composed of a set of 12 

randomly selected Fidelity Sectors funds (Appendix J). Each of its seven 

colored columns utilizes the momentum algorithm specified by its column 

header. The time constant, in days, is appended to the SMA, EMA, and DEMA 

columns in the table. The SMA-125 and SMA-250 correspond to the 6-month 

and 12-month look back periods, respectively. The highest performing 

strategies (fund set + algorithm) have green backgrounds, while the worst 

performing have red backgrounds. Although the table is sorted by the SMA-

250 column’s performance, the colors in other columns appear randomly 

distributed. Notably, the SMA-250 beats all other algorithms for only six of 30 

strategies. That is not the character one might expect of the SMA-250 given its 

prominence. On the other hand, there is no obvious better choice – other than 

to consider developing an adaptive solution.  
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A performance heat map of 30 random Fidelity sector strategies using seven algorithms. (Sorted by the SMA-250)  

Strat# Fnd.1 Fnd.2 Fnd.3 Fnd.4 Fnd.5 Fnd.6 Fnd.7 Fnd.8 Fnd.9 Fnd.10 Fnd.11 Fnd.12 SMA-63 SMA-125 SMA-250 EMA-63 EMA-125 DEMA-21 DEMA-125

1 FSHOX FSDAX FSPHX FSLEX FCYIX FSCSX FSTCX FPHAX FSHCX FBIOX FSAIX FSCGX 6.9 7.18 14.34 9.2 6.59 7.11 7.24

2 FSCPX FSPTX FSCGX FSLBX FSRPX FSHCX FSAVX FSTCX FBMPX FSDPX FSENX FBIOX 11.18 12.19 14.29 14.71 18.82 8.41 15.14

3 FSHCX FSPHX FSAIX FSCHX FSPCX FPHAX FSRBX FCYIX FSDAX FNARX FBMPX FSPTX 8.12 6.46 14.02 4.33 7.37 8.04 7.32

4 FSAVX FSPHX FDCPX FSCHX FBSOX FBIOX FSMEX FSLEX FDFAX FSCSX FIDSX FSAIX 10.42 7.98 13.68 14.02 13.14 9.82 14.85

5 FSRBX FSNGX FSDCX FSPHX FSAIX FSLEX FSRPX FSDPX FSVLX FBSOX FCYIX FSPCX 4.2 6.66 13.43 0.96 1.99 1.24 7.07

6 FBIOX FSRFX FWRLX FDFAX FSRBX FSCSX FSUTX FSHOX FSPTX FSAVX FSAIX FSLEX 7.21 6.25 12.42 12.6 12.26 9.21 10.52

7 FIDSX FBMPX FSCGX FSTCX FDCPX FNARX FDLSX FSRPX FSVLX FSENX FSAIX FWRLX 8.02 7.79 12.15 8.71 7.14 5.74 8.38

8 FIDSX FSMEX FWRLX FSPHX FSVLX FSELX FSCGX FDCPX FSCHX FSRFX FBMPX FSESX 3.92 4.55 11.12 5.68 7.34 9.06 7.62

9 FSPHX FBIOX FSMEX FCYIX FSDAX FSCGX FSPTX FSCHX FSELX FSDPX FSAVX FSESX 11.28 20.49 10.74 15.17 21.56 13.13 9.53

10 FSVLX FSESX FSPHX FSPTX FDCPX FSLBX FSCPX FSHOX FDFAX FBSOX FSTCX FSPCX 7.96 5.47 10.24 7.51 7.37 8.12 4.98

11 FSDPX FSENX FBIOX FPHAX FNARX FSDCX FSRBX FSTCX FBSOX FSPTX FSHCX FSCHX 11.45 9.18 9.99 12.61 15.72 10.92 12.38

12 FBIOX FSAIX FDCPX FCYIX FSHCX FSRPX FSENX FSCGX FDLSX FSDCX FSPCX FSCHX 8.69 6.72 9.87 8.34 9.74 5.03 11.32

13 FSMEX FSRBX FDLSX FSNGX FSHOX FPHAX FNARX FSVLX FSDPX FSENX FBIOX FBMPX 11.68 14.28 9.47 4.9 12.25 10.78 11.45

14 FSDAX FBIOX FSCGX FSCHX FWRLX FSDCX FBSOX FSENX FSLEX FSPHX FSHCX FSRPX 10.78 10.95 8.66 12.01 13.63 7.9 12.99

15 FBSOX FSRFX FSHOX FBIOX FDFAX FSCSX FSRPX FSHCX FSAVX FSDCX FSENX FSLBX 9.34 12.91 8.65 16.23 16.98 8.33 15.14

16 FSRFX FDCPX FSPTX FSUTX FSPHX FSDPX FSRBX FSMEX FSDCX FPHAX FDLSX FNARX 13.05 4.41 8.57 9.62 6.64 11.29 6.21

17 FSESX FBIOX FSPCX FSRBX FSDAX FSPHX FNARX FIDSX FSELX FSAVX FSCHX FSCSX 11.35 17.31 8.11 13.5 18.94 11.59 9.3

18 FBSOX FDLSX FSNGX FIDSX FSLBX FSCPX FSDCX FSELX FDCPX FSRPX FDFAX FWRLX 8.36 5.44 8.08 5.98 8.88 6.64 1.23

19 FCYIX FSHCX FSAIX FSVLX FSDAX FSPHX FSCPX FSMEX FSTCX FDLSX FSHOX FSLBX 6.07 9.43 7.86 5.21 6 7.42 7.18

20 FSTCX FSMEX FSRPX FSCHX FSVLX FSCGX FSUTX FWRLX FSAIX FSDPX FSRFX FSHOX 9.4 11.41 7.68 14.19 10.95 9.5 5.43

21 FIDSX FPHAX FDCPX FSMEX FSCGX FSAVX FSRPX FSPHX FSLEX FSCSX FSRBX FSHCX 8.87 8.54 7.65 8.95 7.37 12.23 7.7

22 FSDCX FNARX FDLSX FSPTX FSRPX FSCHX FSAVX FDCPX FSAIX FSCPX FSESX FSHOX 8.2 7.14 7.54 11.7 8.57 3.47 7.17

23 FSPHX FSCPX FSAVX FBMPX FDCPX FSHOX FSAIX FBSOX FSNGX FDLSX FSCHX FSDPX 6.91 9.31 6.83 7.91 6.7 3.76 7.74

24 FSESX FSCHX FSPHX FDLSX FWRLX FDCPX FBSOX FIDSX FNARX FSMEX FSDCX FSELX 11.27 6.51 6.8 11.04 9.87 11.51 2.82

25 FNARX FSCGX FIDSX FWRLX FSHCX FSLEX FSLBX FSCHX FSAVX FBMPX FDFAX FSRBX 11.15 4.51 5.8 10.1 4.18 8.28 6.73

26 FSCHX FSPHX FSVLX FSPCX FSNGX FDFAX FSESX FSDPX FNARX FDLSX FSUTX FSCGX 8.2 5.86 5.24 11.61 6.22 9.09 4.56

27 FSAIX FDFAX FSCHX FSAVX FSDPX FPHAX FSNGX FCYIX FSCPX FSHOX FSDAX FBMPX 9.13 5.49 5.17 1.11 5.04 7.08 6.56

28 FNARX FSVLX FDLSX FSAVX FCYIX FSELX FSPCX FSHCX FSCPX FSCGX FSLEX FSESX 6.02 12.04 4.59 11.24 15.66 11.26 2.76

29 FSDPX FBMPX FSAVX FSRBX FIDSX FDCPX FSDAX FSCGX FSELX FCYIX FSVLX FSCHX 10.32 3.67 4.4 9.03 9.55 10.11 13.73

30 FSLBX FSLEX FSAVX FBMPX FIDSX FBSOX FSDAX FSELX FNARX FSVLX FWRLX FSAIX 13.41 7.65 4.01 18.5 9.05 11.49 8.17

First 30 of 200 Strategies of 12 Random Fidelity Sector Funds Annualized Return for 12/31/2005 to 12/31/2015



A more detailed understanding of 

the problem is illustrated by the 

difference in strategy performance 

between the iShares and SPDR 

Sector Rotation charts (right). The 

iShares strategy is composed of a set 

of 12 candidate iShares sector ETFs, 

whereas the SPDR strategy is 

composed of a similar, but not 

identical, set of 12 SPDR Sector 

ETFs. Strategy performance was 

evaluated using the SMA, EMA, 

and DEMA algorithms with time 

constants spanning 5 to 75 days. 

While the DEMA algorithm (red) 

performed better in both, the 

performance peak for the iShares 

strategy occurred at about 50 days, 

whereas the performance peak for 

the SPDR strategy occurred at about 

25 days. The three takeaways from 

this pair of charts are: 

 Small differences in the set of candidate ETFs had a profound impact on 

the tuning profile for all three momentum indicators.  

 The effects on one momentum indicator from one chart to the other did not 

predict the changes seen in the other momentum indicators.  

 The comparatively wild thrashing of the SMA indicator in both charts is an 

artifact of the abrupt start and end of the SMA’s boxy impulse response t7. 

 

The tuning profile is plotted 

(right) for three divergent asset 

class strategies: “SPDR Sectors 

ETFs,” “Index Stylebox ETFs,” 

and “Treasury, Bond ETFs.” 

The strategies are month-end 

traded and are plotted against 

moving average days of their 

SMA momentum indicator. The 

candidate set of funds for each 

of the strategies is listed on the 

subsequent page.  
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The three takeaways from the chart are: 

 None of the strategies perform very well with a 1-yr (252-day) SMA filter. 

 None of the strategies perform very well with a 6-mo (126-day) SMA filter. 

 Each asset class strategy has a different performance peak.  

 

 
 

Further complicating matters are strategies, such as the one below where some 

funds don’t begin participating until much later than others. In this strategy, 

Fidelity FMAGX (Magellan), FLCSX (Large Cap), and FMCSX (Mid Cap) are 

the only funds initially participating.  In mid-2006, the team is augmented by 

new ETF members ITB (Home Construction), XPH (Pharmaceuticals), and 

XSD (Semiconductors) that become additional selection candidates. By 2008, 

XRT (Retail) starts participating, and finally, in 2010 BIB (Biotechnology) 

joins the pack. If this were a 

sports team that had just 

morphed from a stodgy running 

team to an exciting passing team, 

fans would expect the speed of 

the game to change and would 

expect different players to be 

handling the ball. The tuning 

profile chart (right) shows that 

the initial January 2006 tuning 

profile peak for the original three 

“stodgy” well-diversified funds 

was approximately 45 days 

(blue), whereas the addition of 

the more volatile and “exciting” 

sector funds moved the tuning 

profile peak to about 22 days 

(red). The team players set the 

speed of the game. 
 



A “one size fits all” approach to momentum ranking is clearly quite far from 

optimum – as one might expect given the very different characters of broad 

indexes, bonds, sectors, countries, and commodities.  

 

Which trend is your friend? Simply stated, it’s the one that most faithfully 

predicts which of the candidate funds will produce better returns next month 

and that will automatically adapt to changing conditions.  

 

Thus, the full scope of the problem requires the design and implementation of 

an adaptive momentum filter that utilizes the principles of differential signal 

processing and Matched Filter Theory. When it’s your retirement savings that 

are on the line, then reducing the noise to better reveal the signal is everything.   

 

Monkeys vs. Algorithms 

 
Momentum Algorithm Performance Study 

To further examine the findings that the best trend extraction filter is dependent 

on a strategy’s set of candidate funds, an experimental study of 58,800 random 

strategies was conducted. Performance over the 10-year period of 12/31/2005 

through 12/31/2015 was evaluated in the following categories: 

 Three fund sets: Fidelity General, and Fidelity Sectors and ETFs Pre-2007 

 Three bear market strategies:  none, Dual Momentum6, StormGuard 

 Four algorithms: SMA, EMA, DEMA, and TEMA (triple EMA)  

 Four time constants:  21 days, 63 days, 125 days, and 250 days 

 

The Strategy Evaluation Tool of Appendix L was used to perform the 

calculations and produce the statistics in the Strategy Performance table (next 

page). The first column, entitled, “Monkey,” indicates the average results that 

would be achieved by a large number of monkeys randomly selecting funds to 
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Strategy Performance for Single, Dual, and StormGuard Momentum Algorithms 
Data Range: 12/31/2005 to 12/31/2015 

Single Momentum: Monkey SMA-21 SMA-63 SMA-125 SMA-250 EMA-21 EMA-63 EMA-125 DEMA-21 DEMA-63 DEMA-125 TEMA-21 TEMA-63 TEMA-125

Fidelity General:  6.9% 7.5% 9.2% 6.7% 7.8% 7.4% 7.5% 7.3% 7.7% 7.0% 6.4% 7.6% 5.7% 4.8%

Fidelity Sectors:  8.2% 5.0% 9.5% 7.7% 7.7% 3.4% 9.3% 10.3% 9.6% 6.4% 5.7% 8.2% 5.8% 8.2%

ETFs Pre-2007:  6.1% 3.3% 6.7% 6.6% 7.6% 2.3% 6.1% 7.5% 6.4% 7.5% 5.8% 8.3% 5.1% 5.0%

Dual Momentum: Monkey SMA-21 SMA-63 SMA-125 SMA-250 EMA-21 EMA-63 EMA-125 DEMA-21 DEMA-63 DEMA-125 TEMA-21 TEMA-63 TEMA-125

Fidelity General:  6.9% 8.2% 12.2% 8.2% 8.5% 8.3% 10.8% 10.5% 11.4% 8.6% 5.0% 11.4% 8.6% 5.0%

Fidelity Sectors:  8.2% 4.2% 11.4% 8.3% 8.5% 2.5% 8.8% 12.3% 10.0% 8.8% 5.8% 10.2% 5.0% 5.1%

ETFs Pre-2007:  6.1% 3.6% 7.3% 7.7% 7.9% 2.0% 6.8% 7.9% 6.3% 8.2% 5.2% 9.0% 4.8% 3.8%

StormGuard Momentum: Monkey SMA-21 SMA-63 SMA-125 SMA-250 EMA-21 EMA-63 EMA-125 DEMA-21 DEMA-63 DEMA-125 TEMA-21 TEMA-63 TEMA-125

Fidelity General:  6.9% 12.2% 13.2% 11.8% 11.7% 12.3% 12.2% 12.5% 12.5% 11.8% 11.7% 12.1% 10.6% 11.1%

Fidelity Sectors:  8.2% 9.3% 13.1% 13.5% 14.1% 7.3% 13.6% 15.4% 14.5% 13.3% 14.7% 14.3% 13.7% 15.1%

ETFs Pre-2007:  6.1% 6.8% 10.1% 11.7% 12.6% 6.5% 10.3% 12.0% 10.0% 12.6% 12.8% 12.4% 11.9% 11.2%

Simple Moving Average    Exponential Mov. Avg.        Double EMA                  Triple EMA 

Notes:     (58,800 total strategies evaluated for this matrix) 

1. Fidelity General: 200 strategies evaluated – 12 random funds selected from Appendix I list of 53 well-diversified funds. 

2. Fidelity Sectors:  200 strategies evaluated – 12 random funds selected from Appendix J list of 37 sector funds. 

3. ETFs Pre-2007:  1,000 strategies evaluated – 12 random ETFs selected from Appendix K list of 325 ETFs of all kinds. 

4. Fidelity General and Fidelity Sectors have no money market funds, no bond funds, and no treasury funds among them. 

5. ETFs Pre-2007 included bond funds and Treasury funds of all types. 



 

own each month. All momentum strategies select the trend leader at the end of 

each month and hold it for one month. While Single Momentum strategies have 

no bear market strategy, Dual Momentum6 strategies additionally move to cash 

if the trends of all candidate funds are negative, and StormGuard Momentum 

strategies move to cash whenever the StormGuard-Standard indicator so 

dictates. (Note: StormGuard-Armor had not yet been developed when these 

tests were run.) While some combinations of a particular algorithm and time 

constant can easily be dismissed, no single combination always performs well. 

 

Comparative performance of the Dual Momentum and StormGuard 

Momentum strategies confirm the value of using Matched Filter Theory to 

determine the optimum solution for moving to the safety of cash. While the 

performance of StormGuard Momentum strategies is uniformly about 5.5% 

higher than for Single Momentum strategies, the Dual Momentum strategies 

uniformly fail to do as well in their best categories. Notably, Dual Momentum 

fails to perform better than Single Momentum in numerous categories. To be 

fair, Dual Momentum performed respectably in its favored SMA-125-day and 

SMA-250-day categories.  

 

While the use of randomly selected funds in test strategies may sound 

excessively harsh, the possible tainting of conclusions with inadvertent, subtle 

experimental hindsight selection bias must not be underestimated. Furthermore, 

to be complete, the possibility of hindsight selection bias in algorithm design 

must also be addressed. If indeed the 12-month SMA is the ideal trend 

measurement algorithm, an adaptive design will either reach the same 

conclusion, find a better solution, or fail to converge on a solution and produce 

poor results.  A further compelling reason for an adaptive design is the inherent 

curiosity of active investors who will always try new fund combinations, each 

requiring a particular algorithm and time constant for optimal performance.  

 

Automated Polymorphic Momentum  

The design objectives for Automated Polymorphic Momentum (APM) include: 

 Automatically determining the best performing momentum algorithm from 

among a set of momentum algorithms for an initial sample set of data.  

 Walking forward in time through new out-of-sample data using the 

previously determined best-performing momentum algorithm. 

 Periodically repeating step #1 utilizing an updated sample set of data. 

 Automating the process so investors can focus on the higher-level task of 

judiciously choosing a candidate set of funds that play well together. 
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APM, as implemented within the Strategy Evaluation Tool of Appendix L, 

concurrently operates 20 strategies, each differing by algorithm selection 

(EMA, DEMA, or TEMA) and/or differing by its time constant selection 

(between 12 and 120 days). The impulse responsest7 of the four EMA, eight 

DEMA, and eight TEMA filters plotted below are intended to illustrate the 

breadth and uniformity of their coverage.  The performance of each of the 20 

concurrent strategies is first evaluated on the selected “BornOn Date” and the 

momentum algorithm of the best performing strategy is selected for walking 

forward in time through the subsequent quarter year of out-of-sample data. At 

quarterly intervals, the performance of the 20 concurrent strategies is again 

evaluated, with emphasis on the most recent 3 years, and at each such interval 

the momentum algorithm of the best performing strategy is selected for walking 

forward in time through the subsequent quarter year of data, and so on across 

the span of time. 

 

 
    

 

Test #1: Fidelity General  –  200 Strategies Evaluated 

(12 random funds selected from Appendix I’s list of 53 well-diversified funds.) 

 

 
 

The 200 randomly created strategies in this test are composed of a random 

selection of 12 of the 53 broadly diversified Fidelity funds of Appendix I, none 

of which are sector funds or country funds. The performance of APM (left 

column) is contrasted with eight other algorithms, as identified in their column 

headers. The values tabulated are the average value of the 200 random 

APM SMA-125 SMA-250 EMA-125 DEMA-21 SMA-125 SMA-250 EMA-125 DEMA-21 Monkey

CAGR 12.0% 8.2% 8.5% 10.5% 11.4% 6.7% 7.9% 7.3% 7.7% 6.9%

Sharpe 0.65 0.36 0.47 0.53 0.57 0.24 0.33 0.28 0.30 0.27

Max.DD 20% 31% 28% 24% 23% 51% 46% 51% 53% 52%

Fidelity General -- 200  Strategies --  12/31/2005 to 12/31/2015

Dual Momentum Single Momentum



 

strategies in each category. The values in the Monkey columns represent 

randomly selected, and thus effectively equally weighted, average performance 

of the candidate funds. The performance of APM speaks for itself. 

 

 

Test #2: Fidelity Sectors  –  200 Strategies Evaluated 

(12 random funds selected from Appendix J’s list of 37 sector funds.) 

 

 
 

The 200 randomly created strategies in this test are composed of a random 

selection of 12 of the 37 Fidelity sector funds of Appendix J. Clearly, the ability 

to adapt was even more important for the more dynamic character of sectors. 

 

 

Test #3: ETFs Pre-2007  –  300 Strategies Evaluated 

(12 random funds selected from Appendix K’s list of 325 ETFs of all kinds.) 

 

 
 

The 300 randomly created strategies in this test are composed of a random 

selection of 12 of the 325 ETFs of all types that were in existence by 2007, as 

listed in Appendix K. Again, the ability to adapt was very important for this 

very broad mixture of asset classes. 

 

The CAGR value is the average Compound Annual Growth Rate of the full set 

of strategies, the Sharpe value is the average of their Sharpe Ratios, and the 

Max.DD value is the average of their Max Drawdowns.  

 

APM is consistently the highest performer across all three sets of data.  
 

Additional insight is provided by the comparative charts below which plot the 

equity curves for APM (green), Single Momentum (red), Dual Momentum 

(blue), and the reference S&P 500 (black), for each of the three test fund sets. 

For simplicity, only the SMA-250 algorithm was chosen to represent both 

APM SMA-125 SMA-250 EMA-125 DEMA-21 SMA-125 SMA-250 EMA-125 DEMA-21 Monkey

CAGR 15.0% 8.4% 8.5% 12.3% 10.0% 7.7% 7.7% 10.3% 9.6% 8.2%

Sharpe 0.78 0.31 0.33 0.50 0.38 0.25 0.25 0.35 0.34 0.30

Max.DD 23% 42% 44% 39% 51% 59% 56% 58% 58% 54%

Fidelity Sectors -- 200  Strategies  --  12/31/2005 to 12/31/2015

Dual Momentum Single Momentum

APM SMA-125 SMA-250 EMA-125 DEMA-21 SMA-125 SMA-250 EMA-125 DEMA-21 Monkey

CAGR 12.8% 7.7% 8.0% 8.2% 6.5% 6.7% 7.6% 7.6% 6.7% 6.2%

Sharpe 0.61 0.30 0.31 0.29 0.22 0.24 0.27 0.25 0.22 0.24

Max.DD 27% 39% 44% 44% 47% 51% 52% 53% 53% 51%

ETFs Pre-2007 -- 300  Strategies  --  12/31/2005 to 12/31/2015

Dual Momentum Single Momentum
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Single Momentum and Dual Momentum in these charts. Each equity curve is 

the average of the full set of 200 (or 300) equity curves produced for the 

strategies in each of the three 

fund sets using the specified 

algorithm. Notable observations 

include (a) the Fidelity General 

strategies, composed of funds 

that are themselves broadly 

diversified, responded primarily 

to the quality of the bear market 

strategy; (b) the Fidelity Sector 

strategies outperformed the 

other categories; and (c) the 

presence of bond and Treasury 

funds among the ETFs 

apparently helped the Single 

Momentum strategies (that 

included them) perform 

somewhat more like Dual 

Momentum strategies during 

bear markets.  

   

Conclusion 

Even though different sets of 

equities require different 

momentum filter functions, it 

has been shown that a 

momentum filter that is adaptive 

in both shape and duration not 

only outperforms ordinary 

solutions but impressively does 

so when subjected to the 

rigorous standards of random 

strategy construction and 

forward walk testing, both of 

which are designed to eliminate 

the presence of hindsight 

selection bias. 

 

  Note: Some of the material in this section was first reported in the 

2016 Wagner Award paper, “Automated Polymorphic 

Momentum.” See Appendix M for details. 



 

 Forward-Walk Progressive Tuning 
Critics of backtesting are right when they level the charge that backtesting with 

hindsight may be able to determine the best path to travel, but only because the 

information needed to determine the best path already exists. Finding that path 

walking forward in time could be more like walking through a thick forest than 

a straight shot down the freeway. The operative question is "did backtesting 

discover a reliable character, or did it discover a lucky sequence of events?" 
 

The gold-standard for backtesting the performance of a predictive algorithm 

(for markets, weather, sports, etc.) is the forward-walk progressive tuning 

(FWPT) methodology illustrated in the chart below. Starting at a time on the 

chart marked as the “BornOn Date,” the “past data” is used to initially tune the 

parameters of the algorithm that will be used to make decisions during a 

subsequent period (125 market days in this example). After the 125-day period 

is complete the algorithm’s parameters are re-tuned by incorporating the 

additional 125 days of data. The re-tuned algorithm then makes decisions 

during the next subsequent 125-day period, and so on.   

 

In the strategy below, all performance prior to 2006 is produced through pure 

backtesting. All performance from 2006 through July 2017 is produced using 

FWPT. This strategy walked forward in time quite successfully, indicating 

that backtesting can discover a reliable predictive character in the data – it 

was not plagued by erratic pops and drops that can mask the true trend leader 

and result in false trade alerts. 
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When performance is maintained with FWPT, tuning did discover a reliable 

character. To the degree performance declines with FWPT, it is because those 

higher performance paths are not discoverable by the algorithm. They may be 

undiscoverable because significant pop and drop events are too unpredictable, 

or because the algorithm lacks the sophistication to adapt to market changes. 

 

The BornOn Date specifies the initial tuning data for the FWPT algorithm. It 

can be specified in SectorSurfer and AlphaDroid for any date ranging from 

1/1/1998 through the current date. The algorithm may slightly modify the date 

if there is not at least 5 years of tuning data to start with. The somewhat arbitrary 

sounding choice of 5 years is intended to ensure that training periods will likely 

have a worthy set of market conditions from which to determine operational 

parameters. BornOn Dates of either 1/1/2004 or 1/1/2010 are particularly 

recommended because they each closely follow and will include a full market 

crash and recovery cycle in its training dataset.   

 

The pair of charts below illustrate the performance of a simple five-fund 

strategy that performs well under backtesting, but under FWPT rather badly 

sucks dust. The first instinct of many investors is, “Why would I want to use 

FWPT if it is going to ruin the strategy’s performance?” The answer is that the 

future will more likely look like the FWPT version than the backtesting version. 

FWPT indicates there is a problem to fix, while backtesting just masks it. 

In this particular strategy, the culprit is FSAGX (Fidelity Select Gold - below), 

which exhibits particularly sporadic behavior relative to broader market funds. 



 

As described earlier in the differential signal processing section, FSAGX adds 

significant noise to the decision process that is not removed in the difference 

comparison process. Particularly notable is the sharp rise and sharp reversal in 

September (white arrows), which is a perfect whipsaw setup. FSAGX is erratic 

enough to disrupt the principle of common mode noiset6 reduction, increasing 

the odds of making poor trading decisions. By eliminating the culprit, more 

reliable trade decisions are made and the strategy performs well.    

 
Recognizing Chaos: When a strategy seems to have no shortage of 

opportunity to select great funds, but performance is terrible, it is 

virtually always the case that a chaotic fund is the cause. The best way 

to identify it is to see where the strategy goes awry and then look for the 

fund with the same exact performance over that short period. Sometimes 

a noise problem can be solved by using the “Stronger Filtering” 

advanced option associated with the other FWPT options. But usually, 

the culprit must be removed. The worst culprits are smallcap stocks and 

narrow sector ETFs particularly for precious metals, wind energy, solar 

energy, oil, VIX futures, 

mining stocks, IPO 

stocks, small biotech 

stocks, and others that will 

be recognizable by the 

sharp reversals in their 

charts. However, like city 

traffic where certain roads 

always have terrible rush 

hour congestion, the same 

is true of ETFs, mutual 

funds, and many smaller stocks. As wonderful as a story may be for a 

stock or ETF, if it has a history of chaotic reversals, don’t think twice 

about booting it from your strategy design.  

 

Remember This: 

The probability of making a good investment decision 

is inversely proportional to the level of noise in a strategy. 
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 StormGuard-Armor: Market Safety Indicator 
The markets of 2015 and 2016 provided a sharp reminder about the value of 

applying algorithmic simplicity to a market that is well-known for its complex 

behavior. Although StockCharts.com ChartSchoolt24 documents dozens of 

market direction and sentiment indicators, they all suffer from the same 

problem – simplicity. They apply some form of moving average to determine 

if the direction of the measured indicator is changing in order to ignore short-

term market noise, but still reliably detect important changes before it’s too late. 

The problem is that market events are not always just short or long. 

Intermediate duration events also generate false alarms and whipsaw losses.  

 

The poster child for this problem is the strategy chart (below), which gets 

whipsawed twice in 6 months. In 2015 and 2016 a pair of medium duration 

events occurred back-to-back that sharply dropped the S&P 500 market index 

by about 10%, where each 

stayed for well over a 

month before quickly 

reversing their losses. 

During bull markets, the 

strategy uses a momentum 

indicator to determine 

when to switch between 

SPY (SPDR S&P 500, red) 

and MDY (SPDR Midcap 

400, green). The strategy employs the Death Crosst21 market direction indicator 

to determine if it is a bull or bear market. When a bear market is detected, the 

strategy goes to cash (flat white segments). In both instances, the Death Cross 

triggered in time to lock in the losses but missed the subsequent rebounds.  

 

The Death Cross Indicator 

chart (right) illustrates how 

the indicator functions. 

The S&P 500 market index 

is in blue. Its 50-day SMA 

is plotted in black and its 

200-day SMA is plotted in 

red. When the 50-day 

SMA crosses the 200-day 

SMA going downward, it’s time to go to cash. When the 50-day SMA crosses 

the 200-day SMA going upward it’s time to get back in the market. Because 

there had been no prior medium-term events like this for decades, “simple” 

seemed sufficient. Instead, it was rather naive.  Let’s fix it. 



 

Better bear market crash protection requires incorporating more 

information, not just tweaking the averaging algorithm or its time constant. 
Simply lengthening or shortening the time constants of an indicator’s filters 

only moves the problem to another zone – and it still will be hit or miss for 

future events. Additional perspectives are required to do a better job. Consider 

this metaphor: Watching one knee of an elephant to know if it's going to take a 

step has definite value. But, watching three knees can provide earlier 

confirmation of real moves and can eliminate many false positive reports. 

 

StormGuard-Armor achieves superb performance by incorporating three 

sources of data to provide three distinct views of the market. StormGuard-

Armor is a composite of three measures we call Price Trend, Market 

Momentum, and Value Sentiment. Its improvements do not come from trying 

to improve predictive timing, but rather from actual event detection. These are 

"tells" indicating behavior changes of momentum and value investors. The 

Market Momentum and Value Sentiment signals are extracted from market 

volume and new highs/lows data sources. Twelve separate measures of the 

Price Trend, Market Momentum, and Value Sentiment signals are combined 

using Fuzzy Logict8 methods to produce the final StormGuard-Armor value.  

 

When simply applied to the S&P 500 (below) its superiority to the original 

StormGuard (and thus to the Death Cross) is clear. Notably, this comes about 

by spending 10% less time in the market avoiding further loss. 

 

By avoiding downside risk, only upside returns remain. 
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The Price Trend signal is essentially identical to the original StormGuard, 

which was derived from the application of Matched Filter Theory and amounts 

to computing the 50-day DEMA of the S&P 500 daily return with a 0.6% per 

month offset to better accommodate funds outperforming the market average. 

The original StormGuard is similar to the Death Cross indicator but measurably 

outperforms it.  

 

The Market Momentum signal is a combination of the Price Trend signal with 

trading volume information from the broader market. It indicates what 

institutional investors and momentum traders are really doing. Note that while 

ordinary trend followers (such as SectorSurfers) generally mix the terms trend 

and momentum together by ignoring the consideration of volume, a Wall Street 

"momentum trader" defines momentum as trading volume times price change 

in the same way a physicist defines momentum as mass times velocity.  

 

The Value Sentiment signal incorporates new highs and new lows information 

from the broader market. It indicates what the value investors are really 

thinking about the relative value of stocks at the top and bottom of their price 

ranges, thus indicating what kind of footing they’re on and support they have. 

 

The Market Momentum and Value Sentiment signals are not just timing 

adjustments made in hindsight, but actually do provide signals prior to serious 

price movements. The chart (below) illustrates that during the market's rough 

patch in 2010 it was only the Market Momentum signal that indicated trouble 

in the market. In 2011 during the run-up to the August 1 sell-off triggered by 

the S&P downgraded U.S. debt, the Market Momentum signal again indicated 

trouble ahead of the event. However, in the second chart (below) it is the Value 

Sentiment indicator that indicated trouble long before the August 2015 market 

drop triggered by trouble in the Chinese markets. 



 

The Market Momentum and Value Sentiment signals are extracted from the 

additional data sources using PID (proportional, integral and differential) 

control algorithms to condition them, the methods of Fuzzy Logict8 are used to 

combine them into the final StormGuard-Armor value.  Improved performance 

comes from actual event detection, not tweaking time constants. These are 

"tells" indicating behavior changes of momentum and value investors. When 

they are standing at the door ready to run, it’s an indicator that the market is no 

longer safe. On negative news, they’ll be out the door with their shares before 

you know what happened. On positive news, they’ll just breathe a sigh of relief 

while continuing to “wait and see.” StormGuard-Armor is actually a “market 

safety indicator” telling us it’s time to step away from the market to safety. 

 

 
 Note: StormGuard-Armor is published online daily as a free service.   

http://www.sumgrowth.com/InfoPages/Market-Sentiment.aspx
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StormGuard-Armor Evaluation – Strategy: USA Diversified ETFs 

In the table and charts below, the performance of seven market direction 

indicators is evaluated with the USA Diversified ETFs Strategy. The market 

direction indicator determines whether it is 

a bull market or a bear market. During bull 

markets the USA Diversified ETFs Strategy 

selects the trend leader at the end of each 

month from among the strategy's candidate 

ETFs IVE, IVV, IVW, IWB, IWV, RSP, 

SPY, SPYG, MDYG, and MDY. During a 

bear market, the strategy will either move to 

the safety of cash, own a long-term Treasury 

ETF, or invoke a separate Bear Market Strategy – depending on the 

configuration noted. Detailed strategy charts for four of the market direction 

indicators appear on the next page. The pair of bar graph charts below contrast 

the performance of Annualized Return and the Sharpe Ratio for eight methods.   

 

     
 

Four methods are contrasted here against the classic asset class portfolios. 

 

  



 

The USA Diversified ETFs Strategy, using different market direction 

indicators and bear strategy configurations to contrast performance. 
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StormGuard-Armor Evaluation – Strategy: ETF SPDR Sectors 

In the table and charts below, the performance of seven market direction 

indicators is evaluated with the ETF SPDR Sectors Strategy. The market 

direction indicator determines whether it is a 

bull market or a bear market. During bull 

markets, the ETF SPDR Sectors Strategy selects 

the trend leader at the end of each month from 

among the strategy's candidate ETFs  XLE, 

XLF, XLK, XLI, XLP, XLV, XLY, XRT, XHB, 

XPH, MDY, and SPY. During a bear market, 

the strategy will either move to the safety of 

cash, own a long-term Treasury ETF, or invoke 

a separate Bear Market Strategy – depending on the configuration noted. 

Detailed strategy charts for four of the market direction indicators appear on 

the next page. The pair of bar graph charts below contrast the performance of 

Annualized Return and the Sharpe Ratio for eight methods. 

 

    
 

Four methods are contrasted here against the classic asset class portfolios. 

 

 



 

The ETF SPDR Sectors Strategy, using different market direction 

indicators and bear strategy configurations to contrast performance. 
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 Integrated Bear Market Strategies 
A Bear Market Strategy selects safe harbor investments during a market 

crash.  When a market direction indicator (such as StormGuard or the Death 

Cross) signals that conditions have become bearish, an integrated Bear Market 

Strategy automatically takes charge and selects a trusted safe harbor investment 

from a list of candidates, such as cash, money market funds, bond funds, gold 

bullion, and U.S. Treasuries. The 

significant value further added by an 

integrated Bear Market Strategy is 

illustrated (right) by the remarkable 

difference between the three yellow 

equity curves in a SPDR ETF sector 

rotation strategy using (1) ETF sector 

rotation only with no bear market exit, 

(2) ETF sector rotation plus a 

StormGuard-Armor bear market exit to 

cash, and (3) sector rotation plus 

StormGuard-Armor with an integrated 

bear market strategy. All of them 

utilize polymorphic momentum and 

FWPT to select the trend leader among 

the candidate SPDR sector ETFs XLE 

(energy), XLI (industrial), XLF 

(financial), XLK (technology), XLV 

(healthcare), XLP (consumer staples), 

XRT (retail) and XLY (consumer 

discretionary). When BMS-4 (the 

integrated Bear Market Strategy) is 

triggered, it takes control and selects 

the best trending ETF from among safe 

harbor candidates UST (ProShares Ultra 7-10 Year Treasury), TLT (iShares 

20+ Year Treasury Bond), BND (Vanguard Total Bond Market), MBG (SPDR 

Mortgage Backed Bond), MUB (iShares National Muni Bond), CORP (PIMCO 

Investment Grade Corporate Bond), SH (ProShares Short S&P 500), and GLD 

(SPDR Gold Trust). The S&P 500 market index is plotted in white for 

reference. The three yellow strategy equity curves with their Sharpe Ratios 

(risk-adjusted return) and CAGRs speak for themselves in making the case. 

There are better things to do than sitting on the sidelines in cash during a 

prolonged bear market. A bear market for stocks does not mean it’s a bear 

market for everything. When “smart money” lightens up, assets are 

redeployed much better than just sitting in cash waiting for a sunny day. 



 

Treasuries – The Best Bear Market Strategy:  No doubt about it – long-term 

U.S. Treasuries (10 to 20 years) have been the best performing asset class for 

bear market strategies over 

the last two decades. Not 

surprisingly, this is because 

they have been more 

negatively correlated with 

U.S. Stocks than anything 

else over this period. 

Intermediate U.S. Treasuries 

(5 to 7 years) run a close 

second, with a few other types 

of bonds and gold also 

expressing a bit of negative 

correlation.  

 

However, a snapshot or a long-term correlation number do not tell the whole 

story. U.S. stocks and Treasuries/bonds have not always been negatively 

correlated, as is illustrated in the chart (right) of the “Rolling 5-year correlation 

between U.S. stocks and the 

5-year Treasury.” Perhaps 

this is an artifact of an 

activist Federal Reserve 

policy to control interest 

rates around their established 

target through their purchase 

and sale of securities in the 

open market. They are the 

800-pound gorilla in the 

room, and they are affecting 

market dynamics. But will 

new Federal Reserve Open 

Market Committee (FOMC) 

members decide to do 

something different in the 

future? And, what about 

gold, its monthly return 

correlation to the S&P 500 

wanders all over the map and 

cannot be relied upon either. 

 

http://www.forbes.com/sites/rickferri/2014/01/27/why-correlation-doesnt-matter-much/#eff4b357174f
http://www.forbes.com/sites/rickferri/2014/01/27/why-correlation-doesnt-matter-much/#eff4b357174f
http://www.forbes.com/sites/rickferri/2014/01/27/why-correlation-doesnt-matter-much/#eff4b357174f
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Overcoming Hindsight Selection Bias: Betting on the “sure thing” and then 

having the carpet pulled from beneath your feet is painful, both emotionally 

and financially. But mindlessly sitting in cash during an 18-24-month bear 

market is not part of the investment mindset of active investors who 

intrinsically believe there is always something better to do than doing nothing. 

While we know that long-term Treasuries have been a profitable investment 

during recent bear markets, the longer-term charts make it clear that this 

relationship is unreliable. Counting on long-term Treasuries to save our bacon 

in the future would be committing the classic investment error of hindsight 

selection bias.  

 

Of course, mindlessly sitting in cash avoids the hindsight selection bias 

problem through non-participation. This problem is no different from the 

selection bias problem during a bull market – which is solved by actively 

selecting the trend leader among a set of candidate funds. Not surprisingly (in 

hindsight anyway) the same principle applies during bear markets. When a bear 

market is indicated, a separate bear market strategy takes charge and evaluates 

a set of candidate funds that (at least sometimes) do well during bear markets. 

It’s impossible to say today which of the many bear market candidates (various 

Treasuries, corporate bonds, municipal bonds, foreign bonds, gold,  and others) 

will be the best safe harbor investment 5 years from now, or for that matter, 

even just 1 year from now. However, the best performing of them can be 

selected in real time by a bear market strategy that continually evaluates them.   

 

Of particular note is a class of ETFs that many investors falsely get excited 

about for use in a Bear Market Strategy (BMS). This class is inverse or shorted 

ETFs, perhaps best exemplified by SH (ProShares Short S&P 500). As 

illustrated in the chart (right) SH is 

the vertical mirror image of the 

S&P 500. Capturing its sharp rise 

during the market’s sharp decline is 

the objective. Unfortunately, the 

dark side of the same coin is that 

the very same momentum 

algorithm that so nicely captures 

the sharp upside also produces an extremely high trend value from that incline. 

When the peak eventually comes, there is no other candidate ETF with trend 

value anywhere near it to take leadership from it. Because the trend value is 

measured over a period of months, it takes months of falling before leadership 

can be taken away by one of the rising ETF dealing with the exact opposite 

problem and produces a terribly bad performance glitch during bear markets. 



 

Bear Market Strategy Investment Candidates: To reasonably model the 

performance of a BMS, its candidate investments must have performance data 

that spans at least one major market crash, and at least one bull market. 

Although most ETFs that might provide safe harbor during a bear market were 

created only recently, most are based on indexes with much longer histories 

that can be used to artificially extend the ETF's data for purposes of improved 

strategy modeling. The table below contains many suitable bear market 

investment candidates from the following asset classes: long-term 

Treasuries, bonds, gold bullion, and even inverse market indexes. (Note: 

although inverse ETFs generally produce large spikes in a strategy’s equity 

curve, they have been included because ways may yet be discovered by 

someone to better manage them.) Additional documentation and a list of 

numerous other extended ticker symbols can be found in Appendix N. 

 

 
Note 1: Within the SectorSurfer and AlphaDroid platforms, extended ticker 

symbols have an appended "-" to indicate they are the extended data version.  

 

Considering including SH (short the S&P 500) and GLD (gold bullion trust) in 

a BMS is attractive because it provides a greater diversity of options in the 

event that Treasuries are not of help during the next bear market. However, they 

both have a significantly higher and different short-term volatility from that of 

most bond and mid-term Treasury ETFs, and including them directly in a BMS 

results in poorer performance from poorer decisions that ultimately are caused 

by the higher volatility of SH and GLD. To help mitigate that problem, a pair 

of synthetic ETFs (SHGD- and SHUG-) were developed. SHGD- effectively 

means buying 50% SH and 50% GLD.  Correspondingly, SHUG- effectively 

amounts to buying 50% SH and 50% UGL (ProShares 2x Ultra Gold). The act 

of mixing these two diverse asset classes into a single entity reduces their 

modeling volatility and improves their performance in a BMS, thus providing 

the BMS with reasonable access to those asset classes during a down market.  

  

http://sumgrowth.com/InfoPages/using_SectorSurfer.aspx#Extended
http://sumgrowth.com/InfoPages/using_SectorSurfer.aspx#Extended
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The table of Bear Market Investment Options below is a screenshot from the 

SectorSurfer Strategy Web page where seven pre-configured standard BMSs 

are defined and live. The symbols to access them are BMS-1 through BMS-7, 

where BMS-1 is the least aggressive and BMS-7 is the most aggressive. The 

aggressiveness of each BMS is centered on its first listed ETF. BMS-2, for 

example, is designed to select from the candidate ETFs: iShares 10-20 Year 

Treasury Bond (TLH), iShares 7-10 Year Treasury Bond ETF (IEF), Vanguard 

Total Bond Market ETF (BND), SPDR Mortgage Backed Bond ETF (MBG), 

and PIMCO Investment Grade Corporate Bond ETF (CORP). The moderate 

BMSs incorporate SHGD-, whereas the most aggressive incorporate SHUG-. 

 

 
 

 

The equity curve for the BMS-2 bear market strategy is illustrated below. Each 

of its color segments indicates which of the candidate ETFs was the trend leader 

at that point in time. The white reference curve is the AGG aggregate bond 

ETF. Performance of the entire equity curve of a bear market strategy is 

unimportant because only performance during bear markets (as determined by 

StormGuard-Armor) matters. Thus, only the periods marked with gray vertical 

bars in the below chart matter because they are the only periods during which 

a parent strategy will call on the BMS to perform.  



 

 
 

The comparative benefit of employing each of these BMSs is illustrated in the 

chart below. Each plot represents owning the market index ETF SPY during 

bull markets but owning one of the BMS during bear markets (as directed by 

StormGuard-Armor). The SPY and two constant-return reference lines (10% 

return and 25% return) are also plotted as performance references. The 

differences in total return, return uniformity, and general volatility are notable. 

 

Selection Guidance:  Selecting a Bear Market Strategy is primarily a matter of 

judgment involving investment risk tolerance. Since the character of the main 
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strategy's candidate funds is already a statement of investment risk tolerance, 

using a Bear Market Strategy of similar character is appropriate. For example: 

(a) a broad asset class strategy typical of a 401k plan would be best matched to 

BMS-2 or BMS-3, (b) a sector rotation strategy would be best matched to BMS-

4 or BMS-5, and (c) an aggressive 2x or 3x leveraged fund strategy would be 

best matched with BMS-6 or BMS-7. 

 

How to Specify a Bear Market Strategy: StormGuard options are located on 

the Strategy Information pop-up window, which is accessed by clicking 

the  icon next to the strategy's name on the Strategies Management page. If 

the advanced options section is not already visible, click the 

 button to expose them. In the StormGuard Options 

section, there are 

numerous to choose 

from. Although 

StormGuard-Armor is recommended, the others will provide an interesting 

experimental contrast. The “Bear Sym:” text box provides a means to specify 

what should be held during bear markets by specifying its ticker symbol. 

$CASH (a generic symbol used to mean "your favorite money market fund") is 

the default symbol, but you can use (1) any standard ticker symbol, (2) any 

extended ticker symbol, (2) any ready-made BMS ticker symbol (BMS-1 

through BMS-7), or (4) the special ticker symbol format allowing you to 

reference a bear market strategy of your own creation (see further information 

about this option online).  

 
Specific Examples: Please see Appendix O to fully appreciate the 

improvement this makes to each of these example strategies.  
 

 Example 1 – Strategy: Mainliner (The broadest of market index ETFs) 

 Example 2 – Strategy: SPDR Sectors (State Street SPDR sector ETFs) 

 Example 3 – Strategy: ETF Countries (BlackRock iShares country ETFs) 

 

Contrasting charts are shown for each example first employing the Death Cross 

indicator to determine when to exit the market to cash, and then upgrading each 

of them to employ StormGuard-Armor and Integrated Bear Market Strategies. 

 

 
  



 

 Portfolio of Divergent Strategies 
The very first risk-reduction step discussed was about using funds to virtually 

eliminate the risks associated with individual stocks. However, instead of 

broadly diversifying across the full market, the 

methodology involved diversifying only to the level of an 

asset class, market sector, or subsector. Although we 

sacrificed some of the benefit afforded by broader 

diversification by doing so, we’ll now recover what we lost 

by creating a Portfolio of Divergent Strategies as the top 

layer. The concept and theory are rendered obvious in its 

statement. Thus, only a simple example is necessary.  

 

Prudent Portfolio Design: The ETF Prudence 

Portfolio is a Portfolio-of-Divergent-Strategies 

holding four underlying strategies: 

 ETF Fixed Income      –  25% 

 ETF US Diversified    –  25% 

 ETF Sectors + Gold    –  25% 

 ETF International        –  25% 

 

The ETF candidates for each of the four 

underlying strategies are specified in the strategy 

definition lists (right). Their technical strategy 

charts are found in Appendix Q. At month-end, 

each of the underlying strategies selects the best 

trending candidate ETF to represent it in the 

portfolio. The portfolio’s ETFs are equally 

weighted at 25%. 

 

Each underlying strategy is designed to select 

ETFs from a different portion of the market to help 

reduce the correlation between them. When the 

remnant volatility (equity curve bumps) of the 

portfolio’s underlying strategies are poorly 

correlated with one another, further risk reduction 

is achieved by the portfolio through ordinary 

diversification.  

 

The Relative Risk and Annualized Return for the 

ETF Prudence Portfolio   and its underlying 

strategies , , , and  is plotted (below) 

alongside the performance of the Industry 

P: 

F D I S 
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Consensus Risk-Category Portfolios  through  for reference. As expected 

with ordinary diversification, the portfolio’s return is the average of the returns 

of its four underlying strategies, and the risk is noticeably less than the average 

for its underlying strategies. [Note: if the four underlying strategies were 

perfectly correlated, the Relative Risk would be about 39%, and if they were 

perfectly uncorrelated it would be 19.5%. We achieved 26%. Not bad!] The 

value of applying ALL the tools of Temporal Portfolio Theory is clear:  

 

The ETF Prudence Portfolio has  

2.5x more return than a classic Aggressive portfolio, 

 and has less risk than a classic Fixed Income portfolio!  

 

 
 

(Now that’s something to write home about!) 

 

  

1 5 



 

 Crowd-Sourced Strategy Evolution 
One of SectorSurfer’s most frequented pages is the Strategies Hall of Fame.t23 

This page is all about crowd-sourcing high-performance strategy design. Not 

only is it full of great strategies to use, but it’s a great tool for learning what 

excellent strategy designs have in common, and what they lack in common.  
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Every night the SumGrowth Strategies server categorizes and evaluates over 

20,000 user Strategies and selects and displays the top 30 in each of six 

categories: Safety, Mutual Funds, ETFs, Stocks, Ultra/Inverse, and Most 

Widely Held.  

 

Stand on the Shoulders of Those Who Have Gone Before:  These masters 

have freely shared their creations for others to use and dynamically improve. 

This investment tool is very different from MPT, day trading, and others. It’s 

not uncommon for a few preconceived notions about portfolios to have to be 

put aside to proficiently use this Temporal Portfolio Theory based tool.  

 

This is not your granddaddy’s portfolio theory. 

 

 
 
What is our rocket engine? 

It’s a noise-filtered, differential, trend-following rocket engine. 

 

What best fuels our rocket engine? 

 Always, at least one candidate is having a power stroke. 

 Candidates can reliably pass leadership to one another. 

 

If you want your Maserati to fly down the road, you can’t fuel it with kerosene, 

ethanol, whale oil, or pretty much anything except hi-test gasoline. If you want 

your Temporal Portfolio Theory strategies to fly off the charts, you can’t fuel 

them with mediocre bonds, small company stocks, leveraged currency funds, 

wild commodities, and other such things. When a strategy fails to perform, it is 

always because one of these principles has been violated. The general topic of 

advanced strategy design for Temporal Portfolio Theory is beyond the scope of 

this book. However, these great resources are available online: 

 

Advanced Design Resources: 

 Webinar: www.sumgrowth.com/InfoPages/Publications.aspx Mar-2017 

 Technical Docs: www.sumgrowth.com/InfoPages/advanced.aspx    

http://www.sumgrowth.com/InfoPages/Publications.aspx
http://www.sumgrowth.com/InfoPages/advanced.aspx


 

Strategies for Everybody:  Below is an interesting listing of SectorSurfer’s 

most widely held strategies. It is dominated by the subscription-free “Asset 

Class” strategies popular among new investors with smaller accounts, and the 

“Income, Bond” strategies popular among conservative retirees.  

 

The Most Widely Held Strategy 
  (And, it’s subscription-free for everyone.) 

 



Chapter 5:  Temporal Portfolio Theory 

 

 Stocks vs. Sectors & Asset Classes 
Rotation vs. Fitting: Rotation implies something will be back time and time 

again, whereas fitting implies it has more sporadic properties that just happen 

to meet the current need. SectorSurfer's algorithm is agnostic as to which of 

these is the case and simply strives to select the one best trending stock/fund of 

the strategy. The question for investors is: "Does a superior past performance 

imply a superior future performance?" The answer lies in whether the 

performance was based on a rotational sequence or a fitted sequence. 

  

Sector Rotation occurs as the 

economy cycles from boom to 

bust and back to boom again, 

favoring different market sectors 

during different phases of the 

cycle. These market sectors will 

still exist decades from now 

regardless of the fortune or 

demise of individual companies. 

The majority of investment capital never sits on the sidelines in cash, but rather 

continuously sloshes from one favored sector to the next. 

  

Asset Class Rotation is another dimensional slicing of the markets, typically 

dividing its universe into large cap stocks, small-cap stocks, foreign stocks, 

bonds, and Treasuries. Likewise, asset classes always will exist regardless of 

the fortune or demise of individual companies, each rotating in and out of favor 

throughout the economic cycle.   

  

Individual Stocks are constituent components of sectors and asset classes, and 

thus inherently have a rotation component to their performance. However, the 

most successful growth companies typically have just one historical period 

when they truly were rising stars, doubling in value many times over a period 

of years. Eventually, market saturation limits growth and they become a stodgy 

large cap stock or lose their way and fizzle. Expecting a dozen past rising stars 

to be future rising stars truly is gold fever talking.  

  

Freshly Fit for Duty?  Strategies built from equities that primarily performed 

well in the past because of sector or asset class rotation are inherently fit for 

future duty. However, if rising star performance is sought, the strategy must be 

composed of stocks that are currently rising star candidates, not those that were 

shining brightly 15 years ago. We recommend that you periodically (annually) 

refresh the candidate list. 

 



 

Stocks Hindsight Selection Bias Warning: The caution message below is 

posted on the Strategy Hall of Fame page on the Stocks category tab and pops 

up when hovering over the  Why You Must Be Cautious!  button. A real example 

of the problem follows below. 

 

 
 

The strategy below is the poster child for the stocks hindsight selection bias 

problem. A wealth manager impressed by the strategy’s prior performance 

invests with the strategy in the fall of 2013. In January 2015, he was dismayed 

by its performance. In the zoomed overlay chart, the gray plots of the stocks 

reveal there’s no longer a “rising star” among them. They are all simply 

undulating sideways with no sign of leadership present. This “fizzled rising 

star” problem is unique to stocks. It doesn’t exist in ETFs or mutual funds. 

  

 

Stock Strategy Caution! 

Sectors and asset classes rotate with the economy. Their constituent member stocks 

are always added and purged automatically as new companies are born or die. Thus 

sector and asset class strategies can live forever, but stock strategies require 

occasional freshening — which is a manual process.  

 

Please also be cautious about your interpretation of the amazing performance these 

stock strategies show. Critically, these stocks were picked with the vision of 

hindsight, allowing the owner to select a set of stocks that sequentially produce nice 

waves of high returns which the SectorSurfer algorithm nicely stitches together. 

The bad news is that MSFT, DELL, QCOM, and many other stocks in these high 

flyer strategies add no future performance value to these strategies — they only 

make the earlier portions of the charts look great. The good news is that if you can 

provide SectorSurfer with an excellent set of candidates, it will assemble them.  



 

Summary and Conclusion  
 

 

Risk is Not a One-Dimensional Problem Cured by a Single 

Dose of Diversification.  The passive risk reduction provided by 

MPT’s buy-and-hold diversification 

method was only just the beginning. 

MPT was a giant leap forward for 

portfolio risk management when it was 

introduced in 1952 – as were numerous 

other innovations, virtually all of which 

have long been relegated to the museum. 

Today, momentum in market data is 

well-established, and the cross-

disciplinary sciences of differential 

signal processing and matched filter 

theory facilitate multiple forms of active 

risk reduction that have forever changed 

the investment game.  

 

However, the continuing growth of MPT-based target-date funds and the 

meteoric rise of the MPT-based Robo Advisor services makes it clear 

that MPT remains the industry standard for acceptable performance. 

Although MPT’s assurance of achieving average returns puts a secure 

floor under its performance, it also puts a ceiling on it, and the biggest 

risk of all faced by retirees is that their retirement savings won’t last. 

This risk is not about volatility, it’s a problem of insufficient return.  

Statistics show that MPT’s performance will not be 

sufficient to meet the retirement needs of more than 

half of Americans. A different solution is required. 

 



 

Better performance requires better information, and a Royal Society 

Fellow, National Medal of Science winner, and a trio of Nobel Laureates 

have shown us the way. We credit these astute agents of change: 

 
Daniel Kahneman, Nobel Laureate, Princeton University, and 

Amos Tversky, Stanford University, in 1979 used Prospect 

Theory9 to show losses are more important than gains to people. 

  
Narasimhan Jegadeesh, Emory University Professor of Finance, 

and Sheridan Titman, University of Texas, Austin, Professor of 

Finance, proved1 in 1993 that momentum exists in market data. 

  
Eugene Fama, Nobel Laureate, University of Chicago Professor 

of Finance, and Kenneth French, Dartmouth College Professor 

of Finance, in 2008 confirmed momentum exists in market data. 

 

Claude Shannon, Bell Labs, National Medal of Science, Kyoto Prize, 

and Alfred Noble Prize proved in 1948 that signal-to-noise ratiot3 

determines a system's probability of making a good decision.  

  

J. H. Van Vleck, Nobel Laureate, National Medal of Science, showed 

in 1946 that a matched filter design produces the optimum signal-to-

noise ratio when extracting a signal from a noisy source.  

 

Samuel H. Christie, Royal Society Fellow, first described his 

"diamond method" of measuring in his 1833 paper and is the basis for 

differential signalt5 processing to reduce common mode system noise.  

 
Collectively, these fundamental developments are the foundation on 

which Temporal Portfolio Theory is built.  

 

Temporal Portfolio Theory’s Components: 

 True Sector Rotation: Only own trend leader. Higher return, lower risk. 

 Polymorphic Momentum: Adapt momentum filter’s shape and duration.  

 StormGuard-Armor:  Triple-factor market direction and safety indicator. 

 Bear Market Strategies: A separate integrated strategy for bear markets. 

 Portfolio of Divergent Strategies: Top-level, short-term risk reduction. 

 



Appendices  

 

Appendices 
 
  
 

   



 

Appendix H 
Market Direction Indicator Efficacy Test 
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Strategy Fund Candidates for 
Market Direction Indicator Efficacy Test 

 
 

  



 

Appendix I 
“Fidelity General” Mutual Funds List 
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Appendix J 
“Fidelity Sectors” Mutual Funds List 

 

   



 

Appendix K 
“ETFs Pre-2007” Funds List 
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Appendix L 
Strategy Evaluation Tool 

 
The Strategy Evaluation Tool was developed to provide a means of removing 

hindsight selection bias from the design of a trend following strategy’s set of 

candidate funds so the merits of different algorithms could be more readily 

assessed. The steps for use include: (1) Create or select a universe of funds to 

be included (such as all Fidelity sector funds). (2) Create a set of N strategies 

for analysis, each with up to 12 randomly selected funds. (3) Select the Trade 

Hold rule, bear market strategy method, and trend algorithm. (4) Select the 

trend time constant (if not automated). (5) Select the “forward walk” time 

period for comparative analysis. (6) Click the Start button to assess the 

algorithm’s merits. 

 
  



 

Appendix M 
NAAIM 2016 Wagner Award 

 
 

 
www.SumGrowth.com/Downloads/Auto-Poly-Mom.pdf 

 

http://www.sumgrowth.com/Downloads/Auto-Poly-Mom.pdf
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Appendix N 
Extended History Ticker Symbols 

 

The length of data history for each strategy ticker symbol can have a profound 

effect on the estimated performance of a strategy. For example, when modeling 

a strategy with the original 9 SPDR sector ETFs, you may want to see if 

additional safety is afforded by adding one of the Treasury fund ETFs, such as 

IEF or TLT, to the strategy. Neither of these ETFs has data that extends back 

past mid-2002, thus neither can suitably model performance of the intended 

strategy during the 2001-2002 market crash. Matters are even worse for UBT, 

a 2x leveraged Treasury ETF. Its data does not start until January 2010, making 

it impossible to model performance during either of the recent market crashes. 

 

One solution to this problem is to create artificially extended versions of 

important modeling symbols when data from another fund can act as a proxy 

for this fund during earlier periods. For example, since many funds are designed 

to track a well-documented index, their datasets will effectively be clones of 

one another over time. Leveraged 2x and 3x ETFs further require the use of a 

scale factor when extending them from 1x data.  However, 2x and 3x ETFs 

have another characteristic that requires a scale factor somewhat less than 

would be expected from its name. The primary cause of this problem is 

volatility, which causes daily rebalanced ETFs to decay over time (Google it). 

The scale factors used by SumGrowth Strategies were derived from actual 

performance comparisons with the proxy fund during generally rising markets 

(the only time relative scale factor matters for momentum). The extended 

Treasury ETF chart below illustrates the profound differences in both risk and 

return between their variants. Extended ticker symbols all have a "-" 

appended to them to ensure they are recognizable but separate. 

https://www.google.com/#q=leveraged+etfs+decay
http://www.sumgrowth.com/InfoPages/images/Treasury ETFs.jpg


 

1.  Extended History Ticker Symbols on SectorSurfer and AlphaDroid 

Symbol Name Start Date  |  Orig. Date Proxy Data, Scale 

SHY- Treasury, 1-3 Year 1-2-1992   |   8-1-2002 VFISX 

IEI- Treasury, 3-7 Year 1-2-1992   |   1-1-2007 IEF- + SHY-) / 2 

IEF- Treasury, 7-10 Year 1-2-1992   |   8-1-2002 VFITX 

TLH- Treasury, 10-20 Year 1-2-1992   |   1-1-2007 (VFITX+VSUSX) / 2 

TLT- Treasury, 20+ Year 9-1-1988   |   8-1-2002 VUSTX 

UST- Treasury (2x), 7-10 Year 1-2-1992   |   1-1-2010 IEF- x 2 

UBT- Treasury (2x), 20+ Year 9-1-1988   |   1-1-2010 VUSTX x 2 

TYD- Treasury (3x), 10 Year 1-2-1992   |   3-1-2009 (TLH- + IEI-) x 1.5 

TMF- Treasury (3x), 30 Year 9-1-1988   |  3-1-2009 VUSTX x 3 

FLBX- Treasury, Fidelity FLBAX 9-1-1988   |  3-1-2006 VUSTX 

AGG- US Aggregate Bond 1-3-1995   |  1-1-2004 VBMFX 

BND- Vanguard Total Bond Market 9-1-1988   |  4-11-2007 VBMFX 

BLV- Vanguard Long-Term Bond Index 1-15-1986   |  4-11-2007 VBLTX 

CORP- PIMCO Inv. Grade Corp. Bonds 11-1-1995  |  9-21-2010 PRPIX 

MUB- iShares National Municipal Bond 9-1-1988   |  9-11-2007 MANLX 

MBG- SPDR Mortgage Backed Bond 9-1-1988   |  1-27-2009 FGMNX 

HYG- High Yield Corporate Bond 1-3-1995   |  3-1-2007 AHITX 

JNK- Barclays High Yield Bond 1-2-2004   |  1-2-2008 AHITX 

EFA- EAFE International Index 1-24-1996   |  8-17-2001 BTAEX 

EAFE- EAFE International Index 1-24-1996   |  8-17-2001 BTAEX 

GLD- State St. ETF SPDR Gold 1-3-1995  | 11-18-2004 GD-PM x 1 

GDX- VanEck Vectors Gold Miners 1-29-1993  |  5-23-2006 BGEIX 

UGL2- ProSh. Ultra 2x Gold 1-29-1993  | 12-03-2008 GD-PM x 1.75 

PSQ- Short QQQ NASDAQ 100 9-3-1998   |  7-1-2006 RYOCX x -1 

QQQ-  NASDAQ 100 Index 1-3-1995   |  3-5-1999 RYOCX 

SH- Short S&P 500 9-3-1998   |  7-1-2006 SPY x -1 

SH88- Short S&P 500 9-1-1988   |  7-1-2006 SP-CP x -1 

SDS- ProSh. UltraShort S&P 500 1-29-1993   |  7-14-2006 SPY x -2blv 

SHGD- 50% SH and 50% GLD ETF Pair 9-1-1988   |  7-1-2006 
50% SH88-,  
50% GD-PM 

SHUG- 50% SH and 50% UGL ETF Pair 1-29-1993   |  7-1-2006 
50% SH88-,  
50% UGL- 

 

• Note: SHGD- and SHUG- were created to dilute the volatility of their 

individual ETFs to enable them to trade better with bonds and Treasuries. 

Buying SHGD- means that you actually buy 50% SH and 50% GLD.   
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2X Extended History Ticker Symbols for SumGrowth Strategies 

AGQ- ProSh.Ultra 2x Silver 5-1-2006   |   12-3-2008 SLV x 1.75 

BIB- ProSh.Ultra 2x  Biotech 1-2-2004   |   4-8-2010 IBB x 1.95 

DDM- ProSh.Ultra 2x Dow30 1-2-2004   |   6-22-2006 DJ-30 x 2 

DIG- ProSh.Ultra 2x Oil & Gas 1-2-2004   |   2-02-2007 DJ-OG x 2 

EFO- ProSh.Ultra 2x MSCI EAFE 1-2-2004   |   6-04-2009 EFA-X x 2 

EET- ProSh.Ultra 2x Emerg Markets 1-2-2004   |   6-04-2009 EEM x 1.75 

EZJ- ProSh.Ultra 2x MSCI Japan 1-2-2004   |   6-04-2009 EWJ x 1.95 

LTL- ProSh.Ultra 2x Telecom 1-2-2004   |   3-27-2008 IYZ x 1.8 

KRU- ProSh.Ultra 2x Regional Banks 1-2-2004   |  2-4-2010 IAT-X x 1.95 

MVV- ProSh.Ultra 2x MidCap400 1-2-2004   |  7-1-2006 MDY x 2 

QLD- ProSh.Ultra 2x QQQ 1-2-2004   |  7-1-2006 QQQ x 2 

ROM- ProSh.Ultra 2x Technology 1-2-2004   |   2-02-2007 XLK x 2 

RXL- ProSh.Ultra 2x Health Care 1-2-2004   |   02-2-2007 IYH x 1.85 

SSO- ProSh.Ultra 2x S&P 500 1-2-2004    |   06-22-2006 SPY x 2 

SAA- ProSh.Ultra 2x SmallCap600 1-2-2004   |   1-26-2007 SML-X x 1.95 

UBR- ProSh.Ultra 2x Brazil Capped 1-2-2004   |   4-29-2010 EWZ x 2 

UCO- ProSh.Ultra 2x  Crude Oil 1-2-2004   |  11-25-2008 OIL x 2 

UCC- ProSh.Ultra 2x Consumer Srvc. 1-2-2004  |  2-02-2007 IYC x 1.85 

UGE- ProSh.Ultra 2x Consumer Goods 1-2-2004  |  2-02-2007 IYK x 1.85 

UJB- ProSh.Ultra 2x Bond Hi-Yield 1-2-2004   |    3-1-2011 JNK- x 2 

UPV- ProSh.Ultra 2x FTSE Europe 1-2-2004   |   4-29-2010 IEV x 1.95 

UPW- ProSh.Ultra 2x Utilities 1-2-2004   |   2-02-2007 XLU x 2 

UGL- ProSh.Ultra 2x Gold 1-2-2004   |   12-03-2008 GD-PM x 1.75 

UGL2- ProSh.Ultra 2x Gold 1-29-1993   |   12-03-2008 GD-PM x 1.75 

URE- ProSh.Ultra 2x Real Estate 1-2-2004   |   2-01-2007 IYR x 1.75 

USD- ProSh.Ultra 2x Semiconductors 1-2-2004   |   02-02-2007 SOX-X x 2 

UYG- ProSh.Ultra 2x Financials 1-2-2004   |   2-02-2007 IYF x 1.8 

UYM- ProSh.Ultra 2x Basic Materials 1-2-2004   |   2-02-2007 IYM x 1.8 

UWM- ProSh.Ultra 2x Russell2000 1-2-2004   |   1-26-2007 IWM x 1.9 

UXI- ProSh.Ultra 2x Industrials 1-2-2004   |   2-02-2007 IYJ x 1.85 

 
• Note: The 2x leveraged ETFs in the grey section and the 3x leveraged ETFs 

in the orange section were extended to have a common start date of 1/2/2004 

so all could participate in the initial tuning of the strategy, as opposed to tuning 

for a first set of ETFs, then starting forward-walk with a different expanded set 

of ETFs that may not play well together with the first set. 



 

3X Extended History Ticker Symbols for SumGrowth Strategies 

DZK- Dirxn Dev Markets Bull 3X 1-2-2004   |   12-17-2008 VTMNX x 2.75 

EDC- Dirxn Emrg Markets Bull 3X 1-2-2004   |   12-17-2008 EEM x 2.7 

ERX- Dirxn Energy Bull 3X 1-2-2004   |   11-06-2008 XLE x 2.75 

FAS- Dirxn Financial Bull 3X 1-2-2004   |   11-06-2008 XLF x 2.5 

EURL- Dirxn FTSE Europe Bull 3X 1-2-2004   |   11-22-2014 IEV x 3 

CURE- Dirxn Healthcare Bull 3X 1-2-2004   |   6-5-2011 IYH x 2.75 

MIDU- Dirxn MidCap 400 Bull 3X 1-2-2004   |  1-8--2009 MDY x 2.75 

GASL- Dirxn Nat Gas Rltd Bull 3X 1-2-2004  |   7-14-2010 FSNGX x 2.7 

DRN- Dirxn Real Estate Bull 3X 1-2-2004  |   7-16-2009 IYR x 2.75 

RETL- Dirxn Retail Bull 3X 1-2-2004  |   7-14-2010 RLX-X x 2.5 

SPXL- Dirxn S&P 500 Bull 3X 1-2-2004   |  11-1-2008 SPY x 2.75 

SOXL- Dirxn Semicondct Bull 3X 1-2-2004  |   3-11-2010 SOXX x 2.75 

TNA- Dirxn SmallCap Bull 3X 1-2-2004   |   11-06-2008 RUS-X x 2.8 

TECL- Dirxn Technology Bull 3X 1-2-2004   |   12-17-2008 XLK x 2.75 

UGLD- Credit Suisse ETN  3x  Gold 1-2-2004  |   10-17-2011 GD-PM x 2.6 

UDOW- ProSh. UltraPro 3x Dow30 1-2-2004  |   2-11-2010 DDM- x 1.35 

UMDD- ProSh. UltraPro 3x MidCap400 1-2-2004  |   2-11-2010 MIDU- x 1 

TQQQ- ProSh. UltraPro 3x QQQ 1-2-2004  |   2-11-2010 QLD x 1.4 

URTY- ProSh. UltraPro 3x Russell2000 1-2-2004  |   2-11-2010 UWM- x 1.3 

UPRO- ProSh. UltraPro 3x S&P 500 1-2-2004  |   6-25-2009 SPXL- x 1 

 
 

VIX Extended History Ticker Symbols for SumGrowth Strategies 

VIXY- VIX Short-Term Futures  4-1-2004  |  10-4-2011 An explanation for 
how this data was 
extended, see the 

“The Intelligent 
Investor Blog:” 

XIV historical data 
and pricing model 
since VIX futures 

are available (2004) 
 
 

VXX- VIX Short-Term Futures 4-1-2004  |  10-4-2011 

VXZ- VIX Mid-Term Futures 4-1-2004  |  10-4-2011 

VIXM- VIX Mid-Term Futures 4-1-2004  |  10-4-2011 

SVXY- Short VIX Short-Term Futures 4-1-2004  |  10-4-2011 

XIV- Short VIX Short-Term Futures 4-1-2004  |  10-4-2011 

ZIV- Short VIX Mid-Term Futures 4-1-2004  |  10-4-2011 

 

 
  

http://investing.kuchita.com/2012/06/28/xiv-data-and-pricing-model-since-vix-futures-available-2004/
http://investing.kuchita.com/2012/06/28/xiv-data-and-pricing-model-since-vix-futures-available-2004/
http://investing.kuchita.com/2012/06/28/xiv-data-and-pricing-model-since-vix-futures-available-2004/
http://investing.kuchita.com/2012/06/28/xiv-data-and-pricing-model-since-vix-futures-available-2004/
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Appendix O 
Integrated Bear Market Strategy Examples 

 

Example 1 – Strategy: Mainliner (The broadest of market index ETFs) 
 

Death Cross triggers exit to money market fund. 

 
 

StormGuard-Armor triggers Bear Market Strategy BMS-3. 

 



 

 

Integrated Bear Market Example #2 

 Strategy: SPDR Sectors (State Street SPDR sector ETFs) 

 

Death Cross triggers exit to money market fund. 

 
 

StormGuard-Armor triggers Bear Market Strategy BMS-5. 
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Integrated Bear Market Example #3 

Strategy:  ETF Countries (BlackRock iShares country ETFs) 
 

Death Cross triggers exit to money market fund. 

 
 

StormGuard-Armor triggers Bear Market Strategy BMS-5. 

 
  



 

Appendix P 
Eight Fidelity Asset Class Strategies 

 

(Charts G1 – G8) 

  

         

 
  

Chart G1 
Algorithm:   SMA 
Time Const.:  1 month 
Market Exit:   None 

Chart G2 
Algorithm:   SMA 
Time Const.:  3 month 
Market Exit:   None 
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Chart G3 
Algorithm:   Dual Mom. 
Time Const.:  12 month 
Market Exit: 12mo S&P 500 
Bear Market:   Money Mkt. 

 

Chart G4 
Algorithm:   EMA 
Time Const.:  125 day 
Market Exit:   None 



 

 

 
 
 

 
 
  

Chart G5 
Algorithm:   EMA 
Time Const.:  1 month 
Market Exit:   None 

Chart G6 
Algorithm:   EMA 
Time Const.:  1 month 
Market Exit:   Death Cross 
Bear Market:  Money Mkt. 
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Chart G7 
Algorithm:   Poly.Mom. 
Market Exit:   SG-Armor 
Bear Market:  Money Mkt 

Chart G8 
Algorithm:   Poly.Mom. 
Market Exit:   SG-Armor 
Bear Market:  BMS-5 



 

Appendix Q 
ETF Prudence Portfolio Charts 

 
ETF Prudence Portfolio 

 
 

ETF Prudence Underlying Strategy #1 
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ETF Prudence Underlying Strategy #2 

 
 

ETF Prudence Underlying Strategy #3 

 
 

ETF Prudence Underlying Strategy #4 
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