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SUMMARY:  6/20/07

The first few sections up to page 17 actually didn’t lead anywhere except to confusion.  It was a that point that I decided to do some research on the proper statistical methodology and came up with multiple regression.  I refined my project plan a few times until beginning the actual productive part of the project on page 28.  

This project led to the acquisition of new skills in Excel, more knowledge on statistical methods and the design and creation of a new analysis tool for trading.  

Price Direction
-------------------------------------------------------------------------------------------------------

INTRODUCTION

------------------------------------------------------------------------------------------------------

5/30/07 – 1020GMT:

This project is the direct result of the outcome of the previous one on Trading Behavior Analysis.  Using the tool I developed in Excel to analyze my own trades, I found that my biggest challenge involves getting the direction of the trade right in the first place.  So this research will concentrate exclusively on finding a solution to that problem.
A couple of preliminary thoughts on why I’m getting the direction wrong so often:  

1.  I’ve been concentrating on managing the trade through the placement of stops and TP points, so I’ve been looking at things like the median high and low of bars.  There is probably so much dispersion around these medians that the overlap between rise and fall is giving meaningless results.  What I should be doing instead is looking at the probability that the rise is greater than the fall over some period.  

2.  I’ve been weighting the directional conclusions by the number of observations of a given pattern, so if I have 20 instances of pattern “A” and 5 instances of pattern “B” I weigh the results from pattern “A” four times as much.  So if pattern “B” is 3 times as bullish as pattern “A”, the weighting would reverse that.  (1 x 20) > (3 x 5)  

I’m pretty sure that there’s a reason that I should weight results by the square root of the number of observations, but I’ll have to review my basic statistics to determine that.  
3.  Segmentation by pattern may be a factor.  I will need to check to see if there are significant differences in behavior due to a given pattern.  This means significance and hypothesis testing!  Oh yay.  

--------------------------------------------------------------------------------------------------

DATASET:

--------------------------------------------------------------------------------------------------

5/31/07 – 0545GMT

I need a dataset first, so I’m going to choose a set of pairs from the 18 that I trade in such a way that no currency is repeated.  This means a set of four pairs.  Also, since weekly bars are standard as to beginning and ending times, I’ll be using those.  

0830 GMT:   I found all possible sets of four pairs which used all eight currencies.  I started with the only two NZD pairs in combination with the only three CAD pairs to get the first two pairs in each set.  Then I checked all combinations of the other four currencies to complete each set.  I’ve been meaning to do this anyway so that I have a comprehensive description of all of these non-correlated sets.   There are 11 such sets and I’ve put them on the next page.  They are also now in the “DataWash” tab of Data.xls.  
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Since EUR/USD is probably the most commonly traded pair I’ll use the only set with that one.  So my dataset will consist of the weekly bar data from 1/27/06 to 5/21/07 for the pairs AUD/NZD, CAD/JPY, GBP/CHF and EUR/USD.   Here are the charts:
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---------------------------------------------------------------------------------------------------------

DEPENDENT VARIABLE:

--------------------------------------------------------------------------------------------------------

The biggest trading problem uncovered by my behavior analysis tool is that my choice of trade direction has a very low success rate.  I measure this by looking at whether the rise to the high or the decline to the low during the trade window had the greater magnitude, and then comparing that to the direction I chose.  I’ve been using each new trading week as my trading window, so I’ll be looking at the move from the close of one week to the high/low of the next week.  
I’m going back to basics here so I’m not even going to be concerned with the magnitudes of these moves.  All I’m concerned about is which one is larger.  So my dependent variable will just of nominal order with the two values “up” or “down” as defined by:

UP:  (H – C) > (C –L)

DOWN:  (H – C) <= (C – L) 

Now I’ll look at the distribution of this value across the four currency pairs in the dataset.  
	 
	AUD/NZD
	CAD/JPY
	GBP/CHF
	EUR/USD

	UP
	51%
	48%
	59%
	57%

	DOWN
	49%
	52%
	41%
	43%


So we see that in two of the pairs the up vs. down bars are evenly distributed while in the other two there is a bullish bias.  

As a slight digression it will be interesting to see how well the direction from one close to the next correlates to our dependent variable (which compares the magnitude of the rise to the decline).  In order to do that, I’ll check to see how often the direction of the close agrees with the magnitude of rise vs. decline for each pair.  

	Close direction agrees with R vs. D

	AUD/NZD
	CAD/JPY
	GBP/CHF
	EUR/USD

	84%
	80%
	81%
	84%


Not much of a surprise there.  Using the magnitude of the rise vs. the decline corresponds to how the Trading Behavior Analysis tool works though because it deals with the maximum potential gain or loss during the entire trading window, not just at the close.  So since the correlation is high, I’ll stick with the dependent variable as I defined it.  
-------------------------------------------------------------------------------------------------

INDEPENDENT VARIABLES:

------------------------------------------------------------------------------------------------

Now I can begin looking at various factors that may have an effect on the dependent variable.  I may add to this initial list as the project continues.
1.  The rise vs. decline value of the previous bar

2.  The location of the open and/or close within the previous bar

3.  The location of the previous bar in relation to a moving average

Over the past few weeks I’ve been using the second and third factors to segment the data into 27 patterns, so I’ll describe that here and look at how those patterns are distributed among the data.  Also, the first factor is very similar to the location of the open as listed in the second factor.  

-------------------------------------------------------------------------------------------------

TESTING

------------------------------------------------------------------------------------------------
Anyway, the first factor is the simplest and is just our dependent variable applied to the previous bar.  So I want to know if a bar with a higher rise vs. decline is followed by a similar bar or not and vice-versa.  

Note:  in all of this I’m assuming that the close of one bar is close to the open of the next.   Previous research has shown this to be the case most of the time with no significant divergences. 

	Previous R/D direction agrees with new R/D direction

	

	AUD/NZD
	CAD/JPY
	GBP/CHF
	EUR/USD

	49%
	52%
	46%
	54%


These average out to 50.25% which is not significant.  Nothing to see here.  Now I’ll isolate each of the other factors and test them.  

I’ve been using an ordinal 3-value variable for the location of the open or close within a bar.  This consists of dividing the bar into the top and bottom 30% and the middle 40%.  So the variable definition for the open (P) is:

Upper:  0.7 (H-L) < (P-L)

Middle:  0.3(H-L) <= (P-L) <= 0.7(H-L)
Lower:  (P-L) < 0.3(H-L)

The definition of the close location is the same structure.  

6/3/07 – 0730GMT

Similarly, I’ve been using an ordinal 3-value variable for the location of the price bar with respect to a moving average.  The bar is either completely above the average, completely below it, or astride it.  So with three variables, each with three possible values, we have 33 = 27 possible configurations of one price bar.  
I’ll be testing each of the three variables by itself, then in pairs, and finally all three at once, for a total of 7 tests.  For each dependent variable, I’ll be looking at the probability that the next bar is an “UP” bar as defined in our independent variable.  
Here is an individual test of AUD/NZD for the location of the open:
	Open
	upper
	middle
	lower

	Count
	28
	13
	29

	Freq.
	40%
	19%
	41%

	Ups
	14
	7
	14

	Prob.
	50%
	54%
	48%


Note that bars where the open is closer to one of the extremes are about twice as common as those where the open is in the middle 40% of the bar.  Also, note that the open location is not very correlated with the direction of the next bar.  In the next chart we can see the results from all four currency pairs. 
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Location of Open 
One thing that this chart does not show but that I found in doing the testing was that the frequency of the opening location did not always conform to what we saw with AUD/NZD.  In some pairs the open occurs more frequently in the mid-range of the bar than at the extremes.  

At any rate, there are two features that I notice about these distributions.  First, in all but EUR/USD, the mid-range open had the highest probability of a following bullish bar.  Secondly, in all four pairs the probability is higher when the open is in the upper part of the bar than the lower.  

The mid-range observation doesn’t tell me much, but the second one is interesting.  A bar with its open near the top is by definition a bearish one because the decline from the open is greater than the rise from the open during the time frame of the bar.  So this result would indicate that bearish bars have a higher probability of being followed by bullish ones and vice-versa.  

This disagrees with the result at the top of page 5, but there are a couple of possible explanations.  First, that result used the close of the previous bar instead of the open of the present bar and the presence of weekend gaps from close to open may skew the results.  Secondly, on page 5 we were defining the first bar as bullish or bearish based on whether the high was further from the previous close than the low, even if it were only by one pip.  In the test we just did, we are “defining” a bullish bar as one in which the open is in the lower 30% and vice-versa.  Either or both of these factors would be more than sufficient to cause the slight disagreement in results.  
The consistency of results in this test across all four pairs along with the fact that the “bullish/bearish” distinction is more clear cut (because a bar that opens in the upper 30% of its range is clearly bearish over its life whereas one with a low that is 2 pips further away from the open than the high is still fairly neutral), points to a slight correlation between the opening location and the behavior of the next bar.  
Next we do the same test for the closing location:
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Wow.  Again the mid-range close is all over the place but it’s clear that there is a strong contrarian bias here across all four pairs.  When a bar closes near it’s high, the next bar will be more likely to be bearish and when a bar closes near its low the next bar is more likely to be bullish.  
The last single variable test will be for the location of the bar in relation to the 5-bar moving average.  
[image: image7.emf]Bar vs. SMA(5)
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The EUR/USD and GBP/CHF have almost mirror image behaviors with respect to this variable.  The other two pairs correspond more to the trend -following behavior of GBP/CHF where the next bar is more likely to be bullish if the present bar is above the moving average.  
This conforms to my overall view that different markets will have different “personalities” and behaviors due to the varying makeup of their “trading crowds.”  I can speculate a bit as to why the EUR/USD acts quite a bit more contrarian over multi-week periods than the other three pairs in our dataset.  As the two most prominent currencies on the planet, representing two of the largest and most complex economies, there usually isn’t going to be a period where one of these currencies dominates.  The reason is that such domination is usually the result of some very specific underlying factor, but in the case of these two economies the complexity doesn’t allow for the emergence of such a factor.  
Contrast the trending behavior of CAD/JPY for example where we have a large interest rate difference, two different types of economies (consumer vs. producer of raw materials), etc.  Here, it is easy for one dominating factor such a large shift in the price of oil to create a trending effect.  

At any rate, this variable may not be as useful as the other two we’ve looked at.  Now we’ll start looking at pairs of variables.  

First we’ll look at both the locations of the open and close on the bar.  Based on experience with past research, I’m going to try to set up the variable so that its ordinality conforms to its actual behavior.  

We’ve already observed that an open in the upper part of the bar creates a bearish bar which is most likely to be followed by a bullish one.  Also, a close in the lower part of the bar is more likely to be followed by a bullish bar.  So the situation where the open is in the upper part and the close is in the lower should be at one of the extremes of the variable order since that combination is logically most bullish.  Conversely, the other end of the spectrum would consist of bars where the open is in the lower par while the close is in the upper. 

Also, since the close seems to be the dominant factor, that variable should form the major division.    

Using “U”, “M” and “L” to represent upper, middle and lower, the order would be, from bearish to bullish:
LU, MU, UU, LM, MM, UM, LL, ML, UL     Here’s the result:
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Here are the averages across all four currencies to smooth out the picture:
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It looks like we might want to reverse the ordinality of the minor variable (open).  

6/4/07 – 0600GMT

Here’s the result for this order:  UU, MU, LU, UM, MM, LM, UL, ML, LL
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And the average across the four pairs:
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Ok, so now we have a definite effect of the ordering which is not due to optimization.  The ordering is actually more natural than the one I tried to start with because both the close and open location variables are in the same order {upper >> mid-range >> lower}. 

Here is an excerpt about the “inverted hammer” type candlestick from www.stockcharts.com 
With its long upper shadow, an inverted hammer signifies intra-session buying interest that faded by the finish. Even though the security finished well below its high, the ability of buyers to push prices higher during the session is bullish.

This bar configuration is essentially the same as our LL type bar.  Note the similarity in the conclusion that the inverted hammer is bullish and the results of our data. The inverse is true for the “hammer” pattern which corresponds to our UU type bar.  

Note that I have more often seen the opposite interpretations to hammers and inverted hammers.  In a precursory glance through a few charting sites, I see that the vast majority consider the long tail to signify a reversal, so most traders consider hammers bullish and inverted hammers bearish.  This is often dependent on the placement within a trend as well.  Our variable that looks at the location of the bar with respect to the moving average may capture that relationship if it exists.  
Continuing on with the 2-variable tests, next we’ll look at open location & bar vs. MA.  Neither one of these variables seem to be as strongly correlated with the probability of a bullish bar as the location of the close variable is.  So I’m not sure how to set up the ordinality of the variable combination.  I’ll try using the location vs. MA as the major division and the open location as the minor.  So the first trial order will be (using “A”, “C” and “B” to signify above, crossing and below):

AU, AM, AL, CU, C,M, CL, BU, BM, BL
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Note that in cases where there was no instance of a dependent variable value, I assign a value of 50% to the independent variable (probability that the next bar is bullish).  In the results above, I did this with the CAD/JPY in the AU case.  Also, the GBP/CHF value for the BL case is not missing; it was actually 0%.  Here are the averages across the pairs:

[image: image13]
The high values at the extremes is due mainly to the fact that most bars sit astride the moving average.  Since there are less bars that are completely above or below the average, the probability ratio is magnified.  In any case, there is a slight bias downward from left to right here and I don’t think we can gain anything from changing the ordinality of this variable combination.  The location of the bar with respect to the moving average seems to dominate, and when the bar is above the MA there is a slightly higher chance of bullishness in the next bar.  

Now we look at the final 2-variable combination which is Close Location & Bar vs. MA.  We’ve already seen that the closing location seems to be much stronger than the bar vs. MA, so I’ll use that as the major division.  This seems a bit odd to me though because I used the bar vs. MA as the major against the opening location, but let’s see what it looks like.  A lower close was correlated to high probabilities and so were bars above the MA, so our order will be:
LA, LC, LB, MA, MC, MB, UA, UC, UB

[image: image14.emf]Closing Location & Bar vs. MA
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That looks like a mess.  Here are the averages across the pairs:
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Oh.  Ok, maybe not so much of a mess after all.   However, I just noticed I’ve managed at some point to reverse the ordinality so that the results are running from bullish on the left to bearish on the right instead of the opposite like I was doing it on page 10.  That has nothing to do with anything except that it looks confusing.  I’ll try to clear up these findings in a summary.  
Finally we’ll do a test of all three variables in combination.  This will have 27 possible variable values.  In keeping with the results of the previous tests, I’ll make the closing location the major division, the bar vs. the MA as the secondary, and the opening location as the minor variable.  The close location will be in order L>>M>>U, the bar vs. MA will be in order A>>C>>B, and the open location will be in the order L>>M>>U.  I’ve made the order of both the open and close locations the same as we did in the open location & close location test.   Here’s the order:

LAL, LAM, LAU

LCL, LCM, LCU

LBL, LBM, LBU

MAL, MAM, MAU
MCL, MCM, MCU

MBL, MBM, MBU

UAL, UAM, UAU

UCL, UCM, UCU

UBL, UBM, UBU

6/5/07 – 0530GMT
[image: image16.emf]All Three Variables
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Very messy.  Let’s see the averages:
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Note, not all of the configuration codes are shown in the bottom axis.  It looks like every other one is shown, but that’s why I included the markers on the line.  All 27 possibilities are on the plot.  

Anyway…I’m not too sure what the big spike is all about on the MAM and MAU configurations, but we’re still seeing an overall bias.  I’m not as impressed by this one as by some of the other tests though, so I think I’ll summarize by putting all the average charts together here.  
Oops, except that I didn’t do average charts for the first three tests which were for single variables.  I’ll do those and include them here too. 

What a mess.  As I look back over the notes, I see that I used more than one convention for the configuration codes.  Sometimes I put the open location before the closing location because it occurs first, and sometimes I put them in the reverse order because the opening location is the dominant variable.  Sigh.  

---------------------------------------------------------------------------------------------------------
TERMINOLOGY CONVENTION

---------------------------------------------------------------------------------------------------------

I’ll settle on a single set of conventions and re-run the tests to create consistent charts so it’s easier to see what the results are.

There are three variables, each of which has three possible values:

1.  Bar Location {A,C,B}

Above moving average


Crossing moving average


Below moving average

2.  Opening Location {U, M, L}


Upper 30% of bar


Middle 40% of bar


Lower 30% of bar

2.  Closing Location {U, M, L}


Upper 30% of bar


Middle 40% of bar


Lower 30% of bar

Any combination of one or more of these variable values is a “configuration” of the bar.  I designate a configuration with a one, two, or three letter code.  The bar location, if it is part of the configuration will always be first.  The opening location, if it is part of the configuration will always be after the bar location but before the closing location.  The closing location will be last, if it’s part of the configuration.  
So a configuration of BLM would always mean that the bar is below the moving average, the open was in the lower 30% and the close was in the middle 40% of the bar.  

A configuration of MU would always mean that the open was in the middle 40% and the close was in the upper 30%.  

A configuration of AM for example would be ambiguous.  We don’t know if the M is the open or close, so I would need to specify what variables are included in this case.  

Similarly, a configuration of U would be ambiguous unless I specified whether we are dealing with the opening or closing variable.  

So while the variables will always be in the same order inside a configuration code, the configurations may be in different orders for a test.  This is so we can determine which ordinality structure of the configurations has the most explanatory power.  
Speaking of which, maybe I should actually just test the configurations and rank them according to result.  Then I could use this information to determine the ordinality, instead of trying to guess at it first.    I think a review of how real statisticians do multivariate analysis is in order at this point.  

---------------------------------------------------------------------------------------------------

RESEARCHING PROPER STATISTICAL METHODOLOGY

--------------------------------------------------------------------------------------------------

0830GMT:   Looking through this site:  http://edf6937-01.sp06.fsu.edu/Guide1.html
1000GMT:   Also at this old reliable one:  http://www.statsoft.com/textbook/stmulreg.html
Another one:  http://mtsu32.mtsu.edu:11308/regression/level3/conceptmultireg.htm
1100GMT:   After looking for hours trying to find good information on using ordinal level independent variables in multiple regression I didn’t find much on a basic level.  Most of the basic multiple regression information deals with interval/ratio level variables.  Then I realized that I can easily transform all the variables I’ve been using into interval or ratio variables.  Not sure if it’s worth it though.  
6/6/07 – 0830GMT

After 15 pages of bumbling and stumbling around, I’m thinking that the right way to do this is to use standard multiple regression analysis.  I can revise my variables into ratio level in order to do this.  I also discovered just now that Excel has a stats package as an add-in.    Another good site for basic statistics review:

http://rightwingnation.com/asmotext/stats/index.html
And while I’m at it I might as well read the StatSoft stuff on Time Series Analysis:
http://www.statsoft.com/textbook/sttimser.html#1general
Also this:
http://www.itl.nist.gov/div898/handbook/pmc/section4/pmc4.htm
6/7/07 – 0600GMT
Some of the sites I listed yesterday deal with Time Series Analysis, and I’ve been weighing that methodology against Multiple Regression.  MR wins because time series deals with the prediction of a single quantity at some future time, but doesn’t really relate well to the idea of a price bar with a high, low, open and close.  I’m not trying to predict a future price in this project; I want to predict a certain characteristic of a future bar, namely whether or not most of that bar will be above the open or not.  

So if I’m going to use “classic” multiple regression, I need to redefine my variables, and I can construct ratio level definitions for each.  Also, this method takes the view that each pair of weekly price bars forms a single “observation” or “experiment” performed in the real world.  We want to know if a certain characteristic of the second bar is correlated with various characteristics of the first bar.  
Specifically, we want to know what portion of the second bar is above its opening price.  Note that in the ordinal case I wanted to know whether more of the bar was above the last close or not.  I’ve switched to the open of bar #2 to avoid complications from weekend gaps, and I’m creating a ratio variable by calculating the portion of the bar above the opening price P2 as:  (P2 – L2) / (H2 – L2).  The range of this variable is 0 to 1. 
The independent variables will still consist of the opening location, closing location and moving average location all with respect to the first bar.  I will use a uniform measurement for all three variables by setting the midpoint of the first bar to zero, the high to +1 and the low to -1.  Thus, the opening and closing location variables will have a range of -1 to +1 while the location of the moving average is centered at zero but unbounded.  

NOTE:  On the first page I mentioned that I needed to track down the reason that I should use the square root of sample size to weight scores.  This is the Square Root Law, and I just found it in one of the references on the last page.  

http://www.math.unb.ca/%7Eknight/BasicStat/sqrtlaw.htm
0930GMT:  Aha.  Based on one of the stats references, multiple regression is applicable only when the independent variables are independent of each other.  This may not be the case for this project though, as the location of the first bar with respect to the moving average may be correlated to the location of the open and close on the bar and so on.  This is the difference between multiple regression and Multivariate Analysis which takes these factors into consideration.  
1015GMT:  Ugh.  Multivariate analysis looks like it may be overkill for this project.  Back to multiple regression.  Most references deal with only 2 independent variables.  Here’s one with information on many predictors:

http://www.psychstat.missouristate.edu/multibook/mlt07m.html
Here’s another textbook:  http://www.psychstat.missouristate.edu/introbook/sbk00.htm
6/10/07 – 0715GMT:

Back.  Continuing to read through references that I found this week…

Discriminant Function Analysis is possibly a better methodology.  It divides outcomes into only two groups based on several predictors which is what I was trying to do originally.  
Homepage for resources:  http://www.psychstat.missouristate.edu/
6/11/07 – 0530GMT:

DFA involves several manual steps but is doable.  Checking into multiple regression analysis now.  

O800GMT:  Ok, Discriminant Function Analysis is proving difficult because every reference eventually just ends up using statistical software to calculate model coefficients.  What good is that?  However, I can use Excel’s data analysis package to run multiple regressions for each of the four pairs.  The reference for using Excel for finding the coefficients of the multiple regression equation is from the MTSU site here:

http://mtsu32.mtsu.edu:11308/regression/level3/multireg/useexcel.htm
F values represent the ratio of the variance which is explained by the model vs. that which is not.  Significance F is the probability that the correlation in the sample data appears by chance alone.  

-------------------------------------------------------------------------------------------------------

MULTIPLE REGRESSION MODEL
------------------------------------------------------------------------------------------------------

So what I’ll do is find the coefficients for each pair along with the Multiple R, Adjusted R-square, F value and Significance F.  Then we’ll see how close the four models are to each other and how significant they are. 
Voila.  

	 
	AUD/NZD
	CAD/JPY
	GBP/CHF
	EUR/USD

	Multiple R
	0.12
	0.22
	0.28
	0.21

	Adjusted R Square
	-0.03
	0.00
	0.03
	0.00

	F
	0.30
	1.04
	1.68
	0.90

	Significance F
	0.83
	0.38
	0.18
	0.45

	Intercept
	0.49
	0.51
	0.53
	0.57

	Moving Average
	-0.02
	-0.03
	-0.05
	0.02

	Open
	0.04
	0.03
	0.02
	0.05

	Close
	-0.02
	-0.06
	-0.09
	-0.05

	Averages Weighted by Multiple R

	Intercept
	0.53

	Moving Average
	-0.02

	Open
	0.03

	Close
	-0.06


So here we have a predictive model of what proportion of the next weekly price bar will be above its open.  The highest confidence level we could achieve with this model was only 82% however on GBP/CHF (1-significance F = 1-0.18 = 82%).  
I’m going to set the intercept to 50% since this model is biased by the two bullish pairs.  This will eliminate the bullish or bearish bias of the previous price activity.  This will eliminate situations in which a trend has recently turned, but my model is still biased by the majority of bars that were in the old trend.  This lets us concentrate just on the three parameters we’re looking at for this model.

So our model is:  P’ = 0.50 – 0.02M + 0.03N – 0.06C
Where:
P’ = the predicted portion of the next weekly price bar which will be above the open of that bar.  This parameter has a range from 0% to 100%.    
M = the location of the moving average (A) with respect to the current weekly price bar.  This parameter uses the midpoint of the current bar as the zero point, the high (H) of the current bar as +1 and the low (L) as -1.   M = (A - (H+L)/2)/(H-L).
N = the location of the open (n) on the current price bar.  This parameter uses the same scale as “M” above.  N = (n-(H+L)/2) / ((H-L)/2) = (n-H+L)/(H-L)
C = the location of the close (c) on the current price bar.  This parameter uses the same scale as “M” and “N”  above.  C = (c-(H+L)/2) / ((H-L)/2) = (c-H+L)/(H-L)

1030GMT:  Ok, now I’m going to get tricky.  My original purpose was really to determine a useable Discriminant Function model for assigning next week’s bar into one of two groups; bullish and bearish, where a bullish bar is one in which more than 50% of the bar’s range is above the bar’s opening price.   However, the resources I found on Discriminant Function Analysis all eventually fall back on software programs to come up with the models.  Doesn’t anyone know the math behind these procedures anymore?  Yeesh.   So since I don’t have software to do DFA, but I do have software in Excel to do Multiple Regression, I went that route to come up with a model.  
However, that model is first of all not very sound because of the low confidence levels that I found.  Secondly, it’s kind of overkill because I’m not really trying to predict exactly how much of the bar will be above the open.  All I want to predict is whether that amount will be greater than 50% or not.  

So what if I now test this whacky model against just that criterion?  I could use four different currency pairs in order to avoid the problem of overfitting.  

6/12/07 – 0800GMT:
Actually I can only get three uncorrelated pairs that are different, so I’ll use:

	EUR/CAD

	CHF/JPY

	GBP/USD


The date ranges for this test data are the same as for the design data.  
I’ll run the model on the test data to determine whether the predicted value, P’ is greater then 50% or not, and the frequency with which that agrees with the actual P value.  Here are the results:

	EUR/CAD
	60%

	CHF/JPY
	52%

	GBP/USD
	54%

	Mean
	55%


Well, a 55% accuracy rate is nothing to shout from the rooftops about but it’s a definite improvement over my dismal 30% or whatever I’ve been getting lately in picking the right direction.  

So now let’s take this to the next level.  I’ve got myself a new toy as a result of this project.  I now can do multiple regressions in Excel to come up with hypothetical linear models for predicting various price behaviors.  I can then test those models on out-of-sample data to see if they hold up.  That’s cause for a “w00t!”  But moving right along, I’m now going to continue this project by looking for other predictors which will increase the accuracy rate of picking the trade direction.  

-----------------------------------------------------------------------------------------------------------

RESEARCH PLAN

-----------------------------------------------------------------------------------------------------------

The danger now of course is overfitting the model, so I’ll avoid that in three ways.  

First, I’m only going to test one more set of parameters, which will be independent of the set we just looked at.  These will describe the relationship between the current bar and its predecessor.  Specifically we’ll be looking at the classic four patterns of higher bars, lower bars, inside bars and outside bars, as well as whether the current bar has a greater range than its predecessor.    

Secondly, both sets of parameters that I test during this project are designed to “make sense” from a trading point of view.  I’m not randomly combining all possible sets of parameters trying to find one that has the best performance while having no sensible market explanation.  The parameters that we just looked at, M, N and C, basically describe “where the bar is” in relation to other recent bars and “what the bar looks like” in terms of where the open and close are along the bar’s range.  This next set that I’ll be testing describes how bullish or bearish the price acted in the past week vs. the week prior to that.  Did the high get penetrated but not the low, and by how much, etc.  
Finally, after looking at all of these parameters, I’ll try to find a stronger version of the model through elimination of some of the weaker parameters.  So I’ll be simplifying the model, not adding to its complexity during my tweaking process.  

-------------------------------------------------------------------------------------------------------
NEW PARAMETER SET

------------------------------------------------------------------------------------------------------

This parameter set introduces a new bar which occurs just prior to the one we’ve been considering.  I’ll call this bar #1 and the latter bar #2, and use the appropriate subscripts from now on.  So bar #1 will have its own description of “what it looks like” based on where the open and close are on that bar (N1 & C1), and we will use the same conventions as we did before, setting the midpoint of bar #1 as the zero point, the high as +1 and the low as -1.  That gives us two parameters.  
What we also want to know is how the price action of bar #2 related to bar #1.  We assume the open of bar #2 is close to the close of bar #1 so I won’t add another parameter for that.  As a matter of fact, there’s a better reason not to add the opening location as a parameter.  That location is already a parameter in the first set we looked at, as is the closing location.  So since we already have parameters set up for the opening and closing locations of bar #2 with respect to a measuring system based on bar #2, the only new information we need is the location of the entire range of bar #2 with respect to bar #1.  So the parameters we need will be the locations of the high and low of bar #2 with respect to bar #1, and I’ll call those H2 and L2.  

So to go through the parameters from the beginning:

1. We start with bar #1 which has a midpoint at zero, a high at +1 and a low at -1.

2. We then locate the open and close of bar #1 using the above scale (N1 & C1).

3. We then locate the high and low of bar #2 (H2 & L2) using that scale.

4. That comprises the new parameter set.  The one we already did was:

5. We locate M2, N2 and C2 using bar #2 as our measuring stick.

--------------------------------------------------------------------------------------------------------

VARIABLE REVISIONS

--------------------------------------------------------------------------------------------------------
6/13/07 – 0440GMT
I’m already working with one dichotomous dependent variable which determines whether the majority of the next weekly bar’s range is above its open or not.  The ratio level variable that I’ve been using in the multiple regression analysis to determine this is:
P = (H* - N*) / (H* - L*)  where H*, L*, and N* are the high, low and open of that next bar.  I’ve been using “P” for this parameter to denote something like “Price Behavior.”    

This is unconventional and a bit confusing though, so I’m going to use the standard idea of the “percentage range” location of the open on the bar, where the low of the bar is at 0% and the high is at 100%.   I’ll also change the variable name for clarity, so we have:

%N* =  (N* - L*) / (H* - L*).  Now, a value of %N* which is above 50% means that most of the bar’s range was below the open.    

However, this doesn’t describe the behavior of that bar completely.  We need to know the location of the close on the bar as well.  This is:
%C* =  (C* - L*) / (H* - L*).  However, for purposes of trading, the dichotomous variable in which we’re interested is not whether the close is closer to the high or low, but whether or not the close is above the open.  We find this by comparing the %N* and %C* values.  
Since I’m now looking at two bars, I’ll make the setup of the independent variables a little more logical.  First, it’s more intuitive to think of where the first bar is in relation to the moving average, so I’ll change the definition to M1 = ((H1+L1)/2 - A)/(H1-L1).  This is the distance from the bar’s midpoint to the MA, measured in terms of the bar’s height.  Also, just as I used the standard %Range concept with the dependent variables, I’ll do the same with all the independent variables as well.  So N1 , C1 , H2 and L2 will all be in terms of their %R of the first bar, and N2 and C2 will be in terms of %R measured using the second bar.  

---------------------------------------------------------------------------------------------------
REFINED PROJECT PLAN

--------------------------------------------------------------------------------------------------

So now we have two dichotomous dependent variables of interest to traders:

%N* < 50% ?   (Will the majority of the next bar’s range be above the open?)

%C* > %N* ?   (Will the close of the next bar be above the open?)
Where:
%N* =  (N* - L*) / (H* - L*)  and  

%C* =  (C* - L*) / (H* - L*)

And we have this set of independent variables on two known bars:

%M1 = ((H1+L1)/2 - A)/(H1-L1)

%N1 = (N1-L1)/( H1-L1)
%C1 = (C1-L1)/( H1-L1)
%H2 = (H2-L1)/( H1-L1)
%L2  = (L2-L1)/( H1-L1)
%N2  = (N2-L2)/( H2-L2)
%C2  = (C2-L2)/( H2-L2)
I’ll create one or more models (depending on whether or not Excel can do multiple regression on all seven variables or not) for the %N* and %C* dependent variables and then test the model to see how well it predicts the correct cases for the dichotomous variables.  Then I will attempt to pare down the model by eliminating variables while either increasing or maintaining the success rate of the model.  

--------------------------------------------------------------------------------------------------------

MODEL DESIGN USING MULTIPLE REGRESSION

-------------------------------------------------------------------------------------------------------

I will need to do a separate multiple regression analysis for the %N* and %C* variables. However, this brings up a new problem.  The two models may be completely incompatible with each other, because they are predicting different and possibly unrelated quantities.  So what we’re going to have is a model that consists of two “sub-models” which make separate predictions for  %N* and  %C*.  We call these predictions %N’ and %C’.
Once we have the predictions from the two “sub-models” we can determine the values of our two dichotomous variables and check them against the actual price behavior.  There will be four possible outcomes of this.  Both predictions may be correct, neither may be correct, only the opening location may be correct, or only the close vs. the open may be correct.  

First I’ll run the MRA for the %N* variable.  Here are the results:
	%N*
	AUD/NZD
	CAD/JPY
	GBP/CHF
	EUR/USD

	Multiple R
	0.17
	0.35
	0.37
	0.26

	Intercept
	0.66
	0.43
	0.41
	0.36

	M1
	0.01
	0.02
	0.07
	0.07

	N1
	-0.03
	0.27
	0.08
	0.15

	C1
	-0.22
	0.30
	0.42
	0.05

	H2
	-0.02
	-0.17
	-0.17
	-0.01

	L2
	0.04
	-0.09
	-0.29
	-0.05

	N2
	-0.04
	-0.30
	-0.37
	-0.14

	C2
	0.02
	0.18
	0.32
	0.11

	Averages weighted by Multiple R

	Intercept
	0.44

	M1
	0.04

	N1
	0.14

	C1
	0.20

	H2
	-0.11

	L2
	-0.12

	N2
	-0.25

	C2
	0.19


As I mentioned before, I’m setting the intercept to 50% to eliminate the directional bias from the data.  So our sub-model is:  

%N’ = 0.5+0.4(M1)+0.14(N1)+0.20(C1)-0.11(H2)-0.12(L2)-0.25(N2)+0.19(C2)
Now for the %C* variable.

	%C*
	AUD/NZD
	CAD/JPY
	GBP/CHF
	EUR/USD

	Multiple R
	0.32
	0.31
	0.38
	0.14

	Intercept
	0.52
	0.62
	0.68
	0.47

	M1
	0.00
	0.06
	-0.02
	0.02

	N1
	0.06
	0.03
	-0.18
	-0.06

	C1
	0.11
	0.01
	-0.15
	0.12

	H2
	-0.02
	0.02
	0.02
	0.01

	L2
	0.06
	0.05
	-0.11
	-0.12

	N2
	0.05
	0.04
	0.14
	-0.06

	C2
	-0.22
	-0.29
	-0.18
	0.08

	Averages weighted by Multiple R

	Intercept
	0.59

	M1
	0.01

	N1
	-0.04

	C1
	0.00

	H2
	0.01

	L2
	-0.02

	N2
	0.06

	C2
	-0.19


Setting the intercept to 50% as before, our sub-model is:  

%C’ = 0.5+0.01(M1)-0.04(N1)+0.00(C1)+0.01(H2)-0.02(L2)+0.06(N2)-0.19(C2)

6/14/07 – 0740GMT

Now we’ll see how well these models predict our two dichotomous variables in the testing data.  Here are the results.
	Testing
	Correct Predictions

	
	Total
	Both
	Neither
	Only

	
	%N < 50%?
	C > N?
	
	
	%N < 50%?
	C > N?

	EUR/CAD
	52%
	48%
	39%
	39%
	13%
	9%

	CHF/JPY
	44%
	42%
	27%
	41%
	17%
	16%

	GBP/USD
	47%
	50%
	34%
	38%
	13%
	16%

	Mean
	47%
	47%
	33%
	39%
	14%
	14%


The “Only” columns refer to results where the model predicted one variable correctly but not the other one.  

So far I could get better results by flipping a coin, but now I’ll try eliminating variables from the model.  I’ll do this one at a time while keeping the others to see the isolated effects of each single elimination.  I’m going to treat H2 and L2 as a single group however so I’ll either keep both or eliminate both.  It wouldn’t make sense from a trading perspective that either the high or low is more “important” than the other.  
Each time I eliminate a single variable, I’ll have to go through the entire modeling testing procedure again.  So I’ll first use multiple regression analysis with the design data to create the two sub-models, then test the predictions of the dichotomous variables with the test data.  This should take about, forever!  Yep. 
Actually, I’m tweaking Excel to make the process a little more automatic. 

1.  Eliminate M1:     
	Models
	M1
	N1
	C1
	H2
	L2
	N2
	C2

	%N*
	0.00
	0.11
	0.18
	-0.11
	-0.12
	-0.24
	0.18

	%C*
	0.00
	-0.05
	0.00
	0.01
	-0.02
	0.07
	-0.19


	Testing
	Correct Predictions

	
	Total
	Both
	Neither
	Only

	
	%N < 50%?
	C > N?
	
	
	%N < 50%?
	C > N?

	EUR/CAD
	56%
	53%
	34%
	25%
	22%
	19%

	CHF/JPY
	58%
	48%
	28%
	22%
	30%
	20%

	GBP/USD
	53%
	45%
	27%
	28%
	27%
	19%

	Mean
	56%
	49%
	30%
	25%
	26%
	19%


2.  Eliminate N1:

	Models
	M1
	N1
	C1
	H2
	L2
	N2
	C2

	%N*
	0.03
	0.00
	0.14
	-0.10
	-0.14
	-0.25
	0.19

	%C*
	0.02
	0.00
	0.01
	0.01
	-0.01
	0.06
	-0.20


	Testing
	Correct Predictions

	
	Total
	Both
	Neither
	Only

	
	%N < 50%?
	C > N?
	
	
	%N < 50%?
	C > N?

	EUR/CAD
	56%
	59%
	41%
	25%
	16%
	19%

	CHF/JPY
	59%
	63%
	41%
	19%
	19%
	22%

	GBP/USD
	56%
	59%
	39%
	23%
	17%
	20%

	Mean
	57%
	60%
	40%
	22%
	17%
	20%


3.  Eliminate C1:

	Models
	M1
	N1
	C1
	H2
	L2
	N2
	C2

	%N*
	0.03
	0.10
	0.00
	-0.07
	-0.03
	-0.09
	0.16

	%C*
	0.01
	-0.05
	0.00
	0.01
	-0.03
	0.06
	-0.19


	Testing
	Correct Predictions

	
	Total
	Both
	Neither
	Only

	
	%N < 50%?
	C > N?
	
	
	%N < 50%?
	C > N?

	EUR/CAD
	56%
	59%
	34%
	19%
	22%
	25%

	CHF/JPY
	58%
	48%
	28%
	22%
	30%
	20%

	GBP/USD
	53%
	50%
	31%
	28%
	22%
	19%

	Mean
	56%
	53%
	31%
	23%
	24%
	21%


4.  Eliminate H2 & L2:

	Models
	M1
	N1
	C1
	H2
	L2
	N2
	C2

	%N*
	0.03
	0.13
	-0.02
	0.00
	0.00
	-0.01
	0.13

	%C*
	0.01
	-0.03
	0.00
	0.00
	0.00
	0.06
	-0.21


	Testing
	Correct Predictions

	
	Total
	Both
	Neither
	Only

	
	%N < 50%?
	C > N?
	
	
	%N < 50%?
	C > N?

	EUR/CAD
	45%
	53%
	39%
	41%
	6%
	14%

	CHF/JPY
	42%
	42%
	28%
	44%
	14%
	14%

	GBP/USD
	56%
	50%
	47%
	41%
	9%
	3%

	Mean
	48%
	48%
	38%
	42%
	10%
	10%


5.  Eliminate N2:

	Models
	M1
	N1
	C1
	H2
	L2
	N2
	C2

	%N*
	0.04
	0.14
	0.04
	-0.06
	-0.02
	0.00
	0.21

	%C*
	0.01
	-0.04
	0.04
	0.00
	-0.05
	0.00
	-0.20


	Testing
	Correct Predictions

	
	Total
	Both
	Neither
	Only

	
	%N < 50%?
	C > N?
	
	
	%N < 50%?
	C > N?

	EUR/CAD
	42%
	50%
	33%
	41%
	9%
	17%

	CHF/JPY
	53%
	42%
	28%
	33%
	25%
	14%

	GBP/USD
	50%
	52%
	41%
	39%
	9%
	11%

	Mean
	48%
	48%
	34%
	38%
	15%
	14%


6.  Eliminate C2:

	Models
	M1
	N1
	C1
	H2
	L2
	N2
	C2

	%N*
	0.04
	0.15
	0.12
	-0.09
	-0.09
	-0.29
	0.00

	%C*
	0.01
	-0.05
	0.06
	-0.01
	-0.04
	0.13
	0.00


	Testing
	Correct Predictions

	
	Total
	Both
	Neither
	Only

	
	%N < 50%?
	C > N?
	
	
	%N < 50%?
	C > N?

	EUR/CAD
	59%
	52%
	47%
	36%
	13%
	5%

	CHF/JPY
	52%
	69%
	44%
	23%
	8%
	25%

	GBP/USD
	59%
	55%
	48%
	34%
	11%
	6%

	Mean
	57%
	58%
	46%
	31%
	10%
	12%


6/17/07 – 0600GMT:

Here’s a summary of the means from the last line of each test:

	Variable Elimination Results

	Drop
	Total
	Both
	Neither
	Only

	
	%N < 50%?
	C > N?
	
	
	%N < 50%?
	C > N?

	M1
	56%
	49%
	30%
	25%
	26%
	19%

	N1
	57%
	60%
	40%
	22%
	17%
	20%

	C1
	56%
	53%
	31%
	23%
	24%
	21%

	H2 & L2
	48%
	48%
	38%
	42%
	10%
	10%

	N2
	48%
	48%
	34%
	38%
	15%
	14%

	C2
	57%
	58%
	46%
	31%
	10%
	12%


It’s a close call between eliminating N1 and C2, which is a bit surprising since C2 has performed better than other variables as a predictor in some of the past investigations in this project.  However, eliminating N1 gives the best results in the “neither” category, bringing the total failure rate of the model down to only 22%.  So we eliminate N1 from our model.  Goodbye, N1!  Sniff.  
Right.  So now we get to repeat the entire elimination process again, starting with the variables we have left.  This time of course we’ll only do five elimination tests, and four the next time, and so on.  We stop only when any possible elimination causes our results to be worse.  Recall that when we used all of our variables, our mean test results were:

	Testing
	Correct Predictions

	
	Total
	Both
	Neither
	Only

	
	%N < 50%?
	C > N?
	
	
	%N < 50%?
	C > N?

	Mean
	47%
	47%
	33%
	39%
	14%
	14%


By eliminating N1 we’ve improved these immensely to:

	Testing
	Correct Predictions

	
	Total
	Both
	Neither
	Only

	
	%N < 50%?
	C > N?
	
	
	%N < 50%?
	C > N?

	Mean
	57%
	60%
	40%
	22%
	17%
	20%


During the next elimination rounds I’m going to leave the individual tests with the model tables and three testing pairs out of the notes and just include the final summary table.  The first round was sufficient to illustrate the process that I follow for each round.  

6/18/07 – 0400GMT:

Here’s the results from the next elimination test.

	Variable Elimination Results

	Drop
	Total
	Both
	Neither
	Only
	Score

	
	%N < 50%?
	C > N?
	
	
	%N < 50%?
	C > N?
	

	M1
	58%
	59%
	41%
	23%
	18%
	18%
	194%

	C1
	58%
	57%
	38%
	23%
	20%
	19%
	192%

	H2 & L2
	50%
	56%
	39%
	33%
	11%
	17%
	173%

	N2
	55%
	54%
	31%
	22%
	24%
	23%
	188%

	C2
	58%
	59%
	50%
	32%
	8%
	9%
	185%


I’ve added a scoring column to the end which is the total of all the other columns except the “Neither” column.  The score of 194% for the elimination of M1 ties the score of the previous model which included M1 so we can drop that variable without any adverse effects to our model.   On to the next elimination round!
	Variable Elimination Results

	Drop
	Total
	Both
	Neither
	Only
	Score

	
	%N < 50%?
	C > N?
	
	
	%N < 50%?
	C > N?
	

	C1
	58%
	56%
	38%
	23%
	20%
	18%
	191%

	H2 & L2
	48%
	56%
	38%
	34%
	10%
	18%
	170%

	N2
	58%
	54%
	31%
	19%
	27%
	23%
	193%

	C2
	58%
	59%
	50%
	32%
	8%
	9%
	185%


The elimination of N2 has a slightly lower score than the model which includes N2, however the simplification of the model structure outweighs the minor drop in score.
Another reason to eliminate N2 is that it can actually be derived from C1, H2, and L2 given the assumption that the close of one bar will be approximately equal to the open of the next.  For example, if C1 is 30%, H2 is 150%, and L2 is 10%, then the second bar’s range is 140% using the first bar as a measuring unit.  If N2 is in the same place as C1 then using the first bar as the measuring unit again, N2 must be 20% above the low of the second bar.  The value for N2 using this common measuring unit then is 20/140 or about 14%.  
Checking the next set of three possible eliminations:
	Variable Elimination Results

	Drop
	Total
	Both
	Neither
	Only
	Score

	
	%N < 50%?
	C > N?
	
	
	%N < 50%?
	C > N?
	

	C1
	58%
	59%
	50%
	32%
	8%
	9%
	185%

	H2 & L2
	52%
	51%
	27%
	24%
	25%
	23%
	178%

	C2
	58%
	60%
	49%
	31%
	9%
	10%
	187%


None of these possible eliminations improves the testing results, so we are left with a simplified model that incorporates two weekly bars, the position of the closing price on each bar, and the position of the high and low of the second bar in relation to the first.  Here is the set of coefficients for this model:

	Models
	C1
	H2
	L2
	C2

	%N*
	-0.03
	-0.05
	-0.02
	0.20

	%C*
	0.05
	0.00
	-0.04
	-0.21


And I’ll check the accuracy test again:

	Testing
	Correct Predictions

	
	Total
	Both
	Neither
	Only

	
	%N < 50%?
	C > N?
	
	
	%N < 50%?
	C > N?

	EUR/CAD
	50%
	53%
	25%
	22%
	25%
	28%

	CHF/JPY
	64%
	45%
	31%
	22%
	33%
	14%

	GBP/USD
	59%
	64%
	38%
	14%
	22%
	27%

	Mean
	58%
	54%
	31%
	19%
	27%
	23%


The results are the same as the ones on page 28, so the computational procedure checks out.  

-------------------------------------------------------------------------------------------------------

RESEARCH CONCLUSIONS
-------------------------------------------------------------------------------------------------------

6/19/07 – 0530GMT
The best performing model we’ve found so far consists of making the following predictions:

%N* = 0.50 – 0.03C1 – 0.05H2 – 0.02L2 + 0.20C​2 

%C* = 0.50 + 0.05C1 – 0.00H2 – 0.04L2 – 0.21C2
The predictions for the exact values of %N* and %C*, while prone to large errors, serve to provide more accurate predictions of the dichotomous variables in which we’re interested.  Specifically, they tell us whether the open of the next weekly bar is likely to be closer to the high or the low, and whether the close is likely to be above or below the open.  This provides us with a tool to increase a key trading competency; getting the direction of the trade right.  

However, I don’t want to emphasize the values of the coefficients in the two predictive models.  Not only do I have no evidence that these coefficients do not change over time, my underlying view of the market as a system which exhibits evolving emergent behavior leads me to believe that these coefficients are in fact subject to change.  In fact, it would be quite surprising if they didn’t.  There’s nothing magical about the coefficients -0.03, -0.05 and so forth.  

My emphasis is really on the final selection of the predictive variables themselves.  One thing that strikes me about the four variables we were left with after the elimination process was that the resulting model makes sense from a trading perspective.  

Traders generally focus more on where a bar closes than where it opens, and our model reflects this by looking only at the positions of the closing prices on our two bars.  The other factor is the relative position of the second bar in relation to the first, which is a fundamental component of chart structure.  

It is not surprising that these factors should have an effect on the price behavior of the next bar, as many traders will ultimately derive their decisions (possibly through several layers of filters such as TA indicators) from these basic components of price behavior.

In summary, this research highlights the importance of closing price position within a price bar and the relative position of price bars as a framework for describing price behavior.  This is the importance of our four variables, C1, H2, L2  and C​2.  In our model, the coefficients of these variables describe different trader reactions to them in the next price bar, and so the coefficients are a shorthand way of describing market behavior.  The coefficients (behavior) will change over time and from market to market, but the variables are a constant framework.  
---------------------------------------------------------------------------------------------------------

TRADING TOOL DESIGN

--------------------------------------------------------------------------------------------------------

This research can now help me design a new tool for projecting the characteristics of the next weekly price bar which addresses some of the problems with the old tool.  The old tool uses a system of pattern segmentation, whereby it assigns a price bar to one of 27 possible “bins” based on where the open and close are on the bar and the bar’s location with respect to a moving average.  I addressed some of the problems with this approach on the first page, so I’ll review them here.
1.  We need more concentration on price direction rather than magnitude of move:  The final choice of our four variables is the result of this concentration, so using these variables in the new tool should give better results than what I’ve been getting with the current “pattern segmentation” tool. 

2.  Weighting by sample size:  This won’t be an issue now because the sample sizes won’t vary.  The tool I have in mind will use the same multiple regression procedure I used in the research, so every bar will provide variable values for analysis.  This way, I’ll always be using every bar in the data as opposed to just a few bars that match a given pattern.  

3.  Segmentation by pattern:  As I just mentioned, this is out.  Multiple regression analysis is in.  What am I, like a research method fashion guru all of a sudden here?

My concept for the tool is to run a regression analysis on our four variables in order to predict the values of not only %N and %C as we did here, but also for the values of the next high and low in terms of the %R of the high and low of our two “predictor bars”.  So we’ll be predicting four values for the next bar; %N, %C, %H and %L, which are sufficient to project the actual price levels for the open, close, high and low.  This will be the output of the tool, along with the mean confidence level that the results are not due only to chance.  This is just (1- significance F) in Excel’s regression tool.   

There will be four regression analyses per pair each week.  One thing I can do is keep track of the sixteen coefficient values from week to week to see how they change.  
I didn’t study the effect on the next high and low here because my main concentration was price direction.  Also, there was no obvious dichotomous variable into which I could transform the predictions for the next high and low that was independent of the values in the previous bars.  In other words, I had no “yes or no” question that I could use to check the results.   Checking to see if the high broke the previous high for example wouldn’t have worked because it wasn’t independent.  If the last close had been right near the high of its bar, then of course the probability of that high being broken would be greater.  However, the projections should be an improvement over the tool I have now, which can’t even get the trade direction correct half the time.  

I may have to adjust the output of the tool to compensate for situations where the predicted open of the next bar is different from the known close of the current bar.  Some initial testing of the tool will determine if this is an issue.  
I’ll set up the tool in Excel and test it with some of the weekly data up through last Friday.  

1040GMT:  While working on the projections I found that I needed to choose an intercept value for my new %H and %L variables in the same way that I use 50% as the intercept for %N and %C.  

6/20/07 – 0530GMT

I’ve decided to try not messing around with the intercepts on any of the regressions and just using the calculated values instead.  This cuts out a good deal of confusion in the method.  This will also allow in bias from strong trends, but then again that bias may exist in the market as well, so let’s just go with it.  As I always say, I may be trading the Swiss Franc, but I’m not trying to build a Swiss watch here.  No need to try to tweak the thing too closely; robustness is the key.  

I’m reconfiguring the Excel spreadsheet to include the calculated intercepts.  

0640GMT:  Once all four variables are predicted, we have a projected price bar with an open, high, low and close.  However, the open of the projected bar may not be at the same point as the close of the last known bar.  In order to compensate for this, I will adjust the projected values by the difference between the last close and the projected open so they’re the same.  

This is the same as “moving” the entire projected price bar up or down until its open matches the last close.  So the calculation of the %H and %L values won’t really be predicting the high and low values with respect to the previous two bars, but will only really be predicting the overall range of the next bar.  
0915GMT:  I have the Excel tool working now, so that completes this project.  
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