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Introduction 

For the past month I have been spending most of my work time analyzing a single column of 
numbers – the daily prices of the S&P 500 over the last fifty years.  I decided that my time was 
better spent trying to evolve some empirically based rules for market behavior than monitoring the 
daily noise of market ups and downs, or trying to sort out the credibility and perspectives of multiple 
market analysts.  I was encouraged in this endeavor by some similar research being done by other 
members of our AAII special interest group, and by member comments on my preliminary report.  
While I had studied timing patterns before, I now have new or newer tools in the form of XLQ, which 
is software that taps historical technical indicators by merely writing a formula in an Excel cell, and 
by the upgraded data mining tool, KnowledgeSEEKER.   

As always, research is a slow and tedious process.  I’m not very efficient at it.  I’m going along and 
discover I have been working with an error in preliminary calculations and must start over, or I have 
been working with useless variables.  However, at this point I’m quite excited about the significance 
and practicality of my findings.  I can now do technical analysis without charts, which to most 
technical analysts would be heresy.  

Methodology 

For dependent variables, I looked at annual rates of return for the next day, the next five days, the 
next twenty-one trading days (one month), the next sixty-four trading days (one quarter), and the 
next 128 trading days (six months). 

For each of these dependent variables, I searched separately for variable combinations that would 
predict market declines and market advances.  The primary interest is in finding predictors of secular 
(long-term) market declines.  This is partly from previous findings that one has to be in the market at 
least 65% of the time in order to beat the market, and during that time, there is not much that can 
be done about the major market movements.  Secondly, it is not practical to be selling 1,700 
positions for short-term possible market fluctuations.  Thirdly, while I use multiple methods for 
choosing to buy stocks, I base my selling decisions almost exclusively upon technical considerations.  
Therefore, I need empirical support for knowing when to sell.           

After some false starts, I focused my research on thirty-eight technical independent variables.  The 
use of other variables might open entirely different discoveries.  What appears random may be 
merely awaiting the proper indicator that would create a predictive algorithm.  All of the variables I 
used are ratios so that they are not affected by whether the price of the S&P 500 was $71.55 as it 
was on 1/1/1962 or $1,345 as it was at the end of May.  Therefore, some common variables such as 
MACD were excluded.   

The variables with the most frequent findings of interest were: 

Price / Exponential Moving Average (EMA) 100 day / EMA 200 day. 
Price  / EMA of the Average True Range (ATR) over 25 days 
Price / EMA of the ATR over 100 days 
S&P 500 / Price of oil (OIX) 
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Variables that produced less consistent or less frequent findings were: 

 Price / 50 day EMA / 100 day EMA 
 Price / 25 day EMA / 50 day EMA 
 Price / 200 day EMA 
 Price / 100 day EMA 
 Slope of the regression line over 100 days 
 Slope over 25 days 
 Presidential election cycle 

Variables with very infrequent or no findings at all included:  

 Commodity Channel Index (CCI), 20 day 
Month of the year 

 Oil (^XOI) / 50 day EMA of ^XOI 
 Price / 5 day EMA  

Price / 12 day EMA 
 Price / 25 day EMA 

Price / 50 day EMA 
 Price / 5 day EMA / 12 day EMA 
 Price / 12 day EMA / 25 day EMA 
 Volume, 5 day EMA          
 Volume, 12 day EMA          
 Volume, 25 day EMA          
 Volume, 50 day EMA          

Volume, 100 day EMA 
Volume, 200 day EMA 
Week of the year 
Weekday 

 Wilder’s RSI, EMA over 9 days 
 Wilder’s RSI, EMA over 14 days 
 Wilder’s RSI, EMA 9 / RSI, EMA 14 

Williams%R, 12 day 
 Williams%R, 25 day 

The Analysis 

For each of the above explored variables, the data mining tool sorts the values for each variable for 
the approximately 12,400 days studied. (Examining 5-day results had more records or days than 
128-day results.)  The sorted data for each variable are then divided into ten groups and an analysis 
is done of each of these successive groups to see if the range of values within the group or cluster 
predict at a significance level of at least .01 the returns or dependent variable.  Most all of the 
recorded relationships are significant beyond the .000000 level.    Adjacent clusters that have similar 
(within .05 significance) statistical scores are combined.  When I look at these clusters I look for the 
return, the standard deviation, the number of days involved, and the pattern between adjacent 
clusters.  Is there a linear relationship sloping one direction or the other?  Is there a bell-shaped 
relationship, or a U shaped relationship?  Patterns that look like an M, W or other zig zags are rarely 
replicated.  I often combine clusters of interest, such as those with strong negative returns, and if 
the total number of days in the combined cluster is large enough, run another analysis on that 
cluster looking for successive variables to add to the screen.  All of this is somewhat hard to 
describe, and may be hard to visualize without looking at the hierarchical cells that look like an 
organization chart. 
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After I had found more than two hundred different screens that presaged extreme negative or 
positive returns, I weighted each screen by dividing the annual rate of return by the standard 
deviation.   This is similar to the Sharp Ratio, but without the Treasury risk-free rate of return.    Each 
screen is usually comprised of multiple variables, most often three but sometimes up to five.  Each 
day over the almost fifty years that met all the criteria for each of the 200 or more screens was 
assigned the weighted return/standard deviation.  These scores were then compiled for 21 day 
returns, 64 day returns, and 128 day returns, both negative and positive.  These scores were then 
imported back into the data mining tool to see if the cumulative scores were predictive of 
consequent returns, to what extent, and with what consistency between different time periods.  The 
next day and five-day returns were found to be mostly noise, at least relative to the variables I had 
compiled, and were dropped early in the analysis.  A similar analysis was then done using merely the 
counts for how many screens produced signals on each day, and the results compared to the score-
weighted analysis. 

Once I had optimum returns derived from these cumulative scores or counts, I analyzed the days 
that were selected to see if only one or two screens would not achieve nearly the same results, the 
other screens being redundant.  Indeed, I found that the combination of two screens produced 
results almost as significant as using the scores from all the screens.    

A back-testing spreadsheet was then constructed that would show the cumulative returns for each 
promising screen or the cumulative scores or counts.  For example, if a set of criteria produced an 
annual rate of return of -25% six months later for an identified 5% of the days, what returns would 
that produce if one were actually investing according to the signals, figured in the transactions costs, 
and say a 1.5% return on money while in cash?  Running these simulations, I focused mostly on 
returns three or six months out.  I first experimented not using a signal to reenter the market, but 
going back in after a prescribed period, say 21, 64 or 120 days.  I then tested having a minimum 
number of days out after an exit signal, say 21 or 64, and then re-entered if a strong positive signal 
occurred.  If none came along, the reentry would occur at the end of the prescribed period.  I 
reviewed not only returns, but the number of total signals and the average number of exits per year.  
(.22 or once every five years was common), as well as the percentage of days out of the market.  
Since it is expensive and time consuming to exit or enter the market, I don’t want to be doing it 
frequently or be whipsawed with contrary signals just after having gone in or out.  One create a 
single portfolio that would trade a single index ETF more frequently.  However, with the variables 
analyzed here, I didn’t find a satisfactory set of criteria.    

I then looked at these results on a chart of the S&P 500 and marked the out and in signals.   

At this point I did some tuning, fitting or what is called training – all of which is suspect statistically 
as to the validity of any predictive assumptions.  The process is to adjust the initial numbers in the 
Excel calculations and keep exploring until one gets optimum results.  For example, the initial 
boundary values that put the same number of days in each of the ten clusters are in a way arbitrary 
and can be adjusted up or down until optimum results are obtained. The fallacy in this approach is 
that the results may be just coincidence and not replicated in the future.  Prior to this tuning 
process, the returns were about three times that of a buy and hold strategy.  After the tuning results 
improved to about seven times that of a buy and hold strategy.  My attitude is to take the tuned 
screen criteria and hope for double the returns of a buy and hold approach. 

The final step is to implement the discoveries.  In order to monitor the market, the price pattern 
each new day is scored using the findings and the values are color-coded.  This dashboard of sorts 
identifies for each new day what returns are expected for the next 21, 64 and 128 days according to 
the negative signals as well as according to the positive signals.  The frequency of the cluster into 
which the current status falls is also shown for the next 21, 64 and 128 days according to the 
negative signals as well as according to the positive signals.  The dashboard also includes the values 
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of each variable comprising the exit and return to the market values for the operative screens.  
When all the values turn red, it is time to exit the market.  When the return signal turns green, it is 
time to reenter.    

Findings 

The first table illustrates the data taken from the data mining tool used to compare findings.   The 
data are from the weighted cumulative score for six months out, and are prior to any reentry signals 
which are tested in Excel.  

Return from selected days -20% 

Standard Deviation 28% 

Number of days selected (N) 687 

Percentage of days selected 5.6% 

Percent Change -10.1% 

Return / Standard Deviation (weighting) -0.71 

 

For tracking the market, I will be using the weighted cumulative score, the count-based cumulative 
score which varies only slightly, and the single-screen criteria.  The best results from the selected 
variables and their respective values are shown below.   

  

Weighted 
Cumulative Score 

Single Screen Single Screen - 
Tuned 

Max out days since signal if no In signal 64 120 64 120 64 120 

Back In after Min days 21 21 21 21 21 21 

Exits 10 8 10 9 8 8 

Exits Per Yr 0.20 0.16 0.20 0.18 0.16 0.16 

Percent out signal days 5.5% 5.5% 5.0% 5.9% 2.5% 2.5% 

Percent out days 9.8% 15.4% 13.2% 15.7% 13.5% 14.1% 

End value compared to 1,345 buy & hold 5,312 7,341 4,996 6,570 5,589 9,315 

Annual Return Rate (5.6% buy & hold) 8.7% 9.4% 8.6% 9.1% 8.8% 9.9% 

 

Next Steps 

Based on what I have found, I will use the above dashboard to determine market exits and 
otherwise remain mostly fully invested.  I will spend less time monitoring the noise of daily market 
movements, reading analysts suppositions about the same, and trying to sort out the credibility of 
various analysts’ perspectives.  I will spend more time extending the research.  

Now that I have evolved a methodology and have constructed elaborate spreadsheets to run the 
calculations, it will be relatively simple to drop in new columns of numbers to replace the historical 
returns of the S&P 500.  I will want to test other indexes, including some for commodities, and test 
multiple stocks.  According to technical analysis theory, I should be able to use returns for other 
granularities, say five minute returns instead of daily returns, and have the same screens work.   We 
will see.  

Critiques, questions and comments are welcomed.  


