Chapter 8

Data Scrambling

There are never enough data of the kind you want.
Introduction
Our focus continues on understanding how our system will do in the fu​ture. In this chapter we introduce a new method to generate synthetic data that can produce unlimited amounts of data for system testing. The new method, called data scrambling, will help you overcome the restric​tions imposed by the relatively small amount of data on futures markets. Data scrambling can create the new price ranges and new price patterns necessary to test your system under the widest possible range of market activity. This is true out-of-sample testing. We explain this procedure in detail using a spreadsheet and S&P-500 data. We then use a 7-year long Swiss franc continuous contract to generate 56 years of synthetic data. We then test a volatility system on the synthetic data so you can appre​ciate the advantages of such testing.

What You Really Want to Know about Your System
What you really want to know about your trading system is how it will do in the future. Ideally, you want to know what the profits and the drawdowns may be. Since you cannot foresee the future, a good option is to test your systems on many data sets that "simulate" future market
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action. You can then simply average the results to get reasonable esti​mates of future profits and drawdowns. We emphasize, however, that it is difficult to get precise figures for both your profitability and your drawdowns.

You can also use good estimates for the average and standard devia​tion of the monthly equity changes. We looked at interval equity change and its standard deviation when we studied equity curves. The standard deviation is useful for projecting future drawdowns.

As a trader, you also want to get a feel for how well the design phi​losophy of a particular system works on a variety of markets. Your com​fort level with a system's design approach is even more valuable than performance numbers because you can implement a familiar system without hesitation. One way to gain this confidence is to test the system on many different data sets, of the type you are likely to come across in the future.

Remember that all the computer testing occurs in a sterile, unemo​tional environment, without any great stakes riding on the outcome. You become emotionally involved with the system in real trading because the stakes are higher. However, you never feel this pressure when you test a system. A solution is to test the system on many data sets so you can ex​perience, at least indirectly, many different market environments. You will then have a better understanding of the variability of system per​formance over those markets.

Note that your system-testing efforts tell you only how your sys​tem would have done in the past. Your results are hostage to the particu​lar data set you use. So you would like to test dozens, even hundreds, of data sets that simulate future market action. However, since most of the active futures markets have traded for less than two decades, the amounts of market data are finite. Add the complication that futures contracts expire, and your big challenge is to find sufficient data to thor​oughly test your system. The more data sets you can use, the better off you are, both from a quantitative and from a psychological perspective.

This chapter discusses a new method to generate unlimited amounts of data that "simulate" future market action. This new method allows you to generate an unlimited number of data sets from historical market data. These synthetic data encapsulate knowledge about market volatility and trading patterns. You will see that once you can generate such data, you are free to thoroughly test your system in a way better than ever possible before. What is more important, you can "live through" many types of markets, and build confidence in the system that could be vital to your success.
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The idea of sampling with replacement is basically as follows. Imagine a situation in which you take 100 disks, number them from 1 to 100, and then mix them up in a bag. You then shake the bag, and pull out a disk with, say, #21 on it. Now, before pulling out a second disk, you have two options. You can put #21 back into the bag so that all 100 disks are in the bag, or you can select another number out of the remaining 99 disks, without replacing #21 in the bag.

If you put #21 back, there is a 1 chance in 100 you will pull it out the second time. This is the process of sampling with replacement. The probability that you will get #21 the first time is 1 percent. The prob​ability that you will get #21 twice is 0.01 percent. Thus, the probability of getting #21 three times in a row is 0.0001 percent, or once in 1,000,000 tries. Remember, just because the probability of getting #21 three times in a row is small does not mean it cannot happen.

An example will illustrate the idea behind sampling with replace​ment (see Table 8.1). Using the numbers from 1 to 10 as our "original" sample, we calculate its average (5.5) and standard deviation (3.03). We then use the sampling-with-replacement algorithm in Microsoft Excel 5.0 to generate 11 additional samples. If you study the samples for a minute, you will see that the same value often occurs more than once. The values are being drawn at random from the original sample, so that each of the 11 samples is different. At the same time, we retain the "sig​nature" of the original data set, as measured by the difference between the highest and lowest value.

We have also computed the average and standard deviation for each sample. These values range from 4.30 to 6.90 for the average and 1.95 to 3.60 for the standard deviation. Thus, each sample is only a rough estimate of the average and standard deviation of the original sample. However, when we calculate the average (5.72) and standard de​viation (2.81) for all 11 samples, those values are closer to the statistics of the original sample. The more samples we generate, the better our es​timates for the statistics of the original sample.

Applying the same principle to system testing, we could use sam​pling with replacement to generate synthetic data. The extra data will improve our estimates of the average and standard deviation of, say, the monthly equity changes. The new data will allow true out-of-sample testing and extend the variety of market conditions exposed to the system.
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Table 8.1  Illustrating sampling with replacement; note how the average and standard deviation of the 11 samples move toward the values for the original sample.

Original
#1
#2
#3
#4
#5
#6
#7
#8
#9
#10
#11

1
7
2
8
3
9
6
2
8
6
1
7

2
6
6
9
6
10
7
8
10
3
4
3

3
2
3
6
4
1
8
4
1
4
1
0

4
3
7
7
10
5
9
1
8
6
6
5

5
10
3
7
10
7
9
10
7
8
5
4

6
9
6
3
8
7
10
4
10
10
8
3

7
5
4
5
1
3
3
10
6
5
6
3

8
5
7
3
10
9
2
6
9
7
8
5

9
4
1
8
2
3
10
9
4
2
4
8

10
5
7
8
4
7
5
1
1
1
9
2

Average
5.50 5.60
4.60 6.40
5.80 6.10
6.90 5.50
6.40 5.20
6.10

Stddev
3.03 2.50
2.27 2.12
3.49 3.00
2.85 3.60
3.37 2.78
2.73

Average (all)
5.72

Std dev (all)
2.81

The idea of sampling with replacement leads to another statistical idea, called bootstrapping, in which you use sampling with replacement from the results of some experiment to develop the statistical distribu​tion for the quantity of interest. For example, say you had the results of 200 trades from a trading system. You can use sampling with replace​ment to generate different possible outcomes, and then average those data to develop a distribution for future trading results. In the example above, the different values of average and standard deviation from each sample give us a distribution for the average and standard deviation of the original sample.

You can revisit our discussion of the results for the 65sma-3cc sys​tem to look at the distribution of all trades. Those 2,400 tests led to a particular histogram or distribution of trades. We could use sampling with replacement from the 2,400 trades to develop other potential distri​butions or histograms, and try to estimate future performance.

One difficulty in using sampling with replacement is that we can select data only from within the original sample. Hence, you can "see" only those events that have occurred in the original sample. The proce​dure developed here tries to overcome this problem so you can create new price ranges and price patterns.
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Let us see how we can use sampling with replacement on a con​tinuous contract to generate other continuous contracts that encapsulate market information. Once we can replicate market data, we are on the way to freedom from data set limitations.

Data Scrambling: All the Synthetic Data You'll Ever Need
Data from scrambled continuous contracts are termed synthetic data be​cause these data are not from actual trading in the open market. The phrase data scrambling is used because this method randomly rearranges the data to create new sequences.

Let us first see how to encapsulate market information. We place two daily bars next to each other. Then, we observe the relationship be​tween the open (0), high (H), low (L), and close (C) of the second bar by using the close of the first bar as the reference. We can write the re​lationship as follows:

deltaO = 0 - C[1], dekaH = H - C[1], deltaL = L - C[1], dehaC = C - C[1].

Here [1] denotes the close of the previous day. These equations en​capsulate market trading behavior since they capture price patterns ver​sus the previous close. Over a period of years, each market will have some characteristic values for these equations, based on its volatility, li​quidity, and other trading patterns. When we sample with replacement using these formulas, we create patterns that bear the market's signature as defined by relative price relationships.

The next step is to use a random number generator to scramble the bars. Once you have a new sequence, you need a starting point, usually the prior close. You. can use any number for the first bar. The new bar is derived from the prior close as follows (new synthetic values are indi​cated by the Syn prefix):

Syn-Close = Close [1] + delta C, Syn-High = Close[l] + delta H,
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Syn-Low = Close [1] + delta L, Syn-Open = Close[l] + delta 0.

So the calculations are easy to put into a program or a spreadsheet. We will first calculate the interbar relationships in Table 8.2, which is based on the actual bar sequence of the December 1995 S&P-500 (Fig​ure 8.1). The interbar relationships appear in the last four columns. The difference between the daily close of 11/30 and 11/29 was -0.80 points. The differences between yesterday's close and today's open, high, low, and close are shown for each day. These calculations encapsulate price relationships. Now we can scramble these bars using a random number generator.

To scramble these data, number them from 1 to n, where n is the last bar. Then, use the random number generator to pick a number be​tween 1 and n. That number is the next bar in the sequence. Suppose on the tenth pick, you pick bar 5. Then the original bar 5 becomes bar 10 of the new sequence. The bars may repeat more than once. For example, on the twenty-seventh pick, you may draw bar 5 once again. You can generate as long a sequence as you desire.

Here we used the 11/29/95 close of 608.05 as reference, and gen​erated a new sequence of bars using the sampling function in Microsoft Excel . The new sequence was: 4, 5, 8, 1, 3, 10, 10, 8, 9, 1. Therefore, starting with the previous close of 608.05, we put in the fourth bar of the original data, then the fifth bar, and the eighth bar, and so on.

Table 8.3, page 234, presents the spreadsheet used to calculate the new synthetic data. The first column is the bar number drawn by sam-

Table 8.2 Spreadsheet based on December 1995 SScP-500 data.

0-   H-   L-   C-Bar#   Date    Open    High     Low    Close   C[1] C[1] C[1] C[1]

11/29/95
608.6
608.85
606.3
608.05
1
11/30/95
608.07
610
606.1
607.25
0.02
1.95
-1.95 -0.8
2
12/01/95
608
609.4
605.9
608.3
0.75
2.15
-1.35 1.05
3
12/04/95
608.87
615.5
608.05
614.8
0.57
7.2
-0.25 6.5
4
12/05/95
614.02
619.5
613.85
618.75
-0.78
4.7
-0.95 3.95
5
12/06/95
619.85
622.65
617.35
619.8
1.1
3.9
-1.4 1.05
6
12/07/95
618.95
619.8
615.7
616.65
-0.85
0
-4.1 -3.15
7
12/08/95
618.5
619.5
614.3
618.3
1.85
2.85
-2.35 1.65
8
12/11/95
618.9
621.7
617.75
619.8
0.6
3.4
-0.55 1.5
9
12/12/95
618.9
620
618.2
618.8
-0.9
0.2
-1.6 -1
10
12/13/95
619.4
622.6
618.65
621.35
0.6
3.8
-0.15 2.55
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Figure 8.1 Actual price bars from the December 1995 SScP-500 contract.

pling with replacement. The next four columns are the inter-bar rela​tions previous calculated for each bar in Table 8.2. The last four columns are the synthetic data derived from the previous close by adding the in-terbar relations.

In Table 8.2, the data for 12/05 converts to bar 4, and the market gained 3.95 points on the close. In Table 8.3, bar 4 is the first bar of the new sequence. The previous close was assumed to be 608.05. So the new close is 3.95 + 608.05, or 612.00. The new low is 608.05 - 0.95, or 607.10. The new high is 4.7 + 608.05, or 612.75. These are the numbers for the synthetic contract in the first row. The close for the second bar is 612.00 + 1.05 or 613.05. You can now complete the rest of the calcu​lations. The new scrambled data created a synthetic bar pattern plotted in Figure 8.2.

The new bar sequence (Figure 8.2) shows an upward bias, getting up toward the 630 area. Note how it does not show the consolidation in the last six bars of the original data. The last bar from the original data (bar 10 on Figure 8.1) occurs in Figure 8.2 as bars 6 and 7, and you can see that the relative appearance of the high and low versus the previous
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Table 8.3  Scrambled data for SSiP-500 using relationships calculated in Table 8.2. I assumed that the close before the first bar (bar 4 below) was 608.05.

Bar
#
0-
C[1]
H-
C[1]
L-
C[1]
C-
C[1]
Syn-0
Syn-H
Syn-L
Syn-C

4
-0.78
4.7
-0.95
3.95
607.27
612.75
607.1
612

5
1.1
3.9
-1.4
1.05
613.1
615.9
610.06
613.05

8
0.6
3.4
-0.55
1.5
613.65
616.45
612.5
614.55

1
0.02
1.95
-1.95
-0.8
614.57
616.5
612.6
613.75

3
0.57
7.2
-0.25
6.5
614.32
620.95
613.5
620.25

10
0.6
3.8
-0.15
2.55
620.85
624.05
620.1
622.8

10
0.6
3.8
-0.15
2.55
623.4
626.6
622.65
625.35

8
0.6
3.4
-0.55
1.5
625.95
628.75
624.8
626.85

9
-0.9
0.2
-1.6
-1
625.95
627.05
625.25
625.85

1
0.02
1.95
-1.95
-0.8
625.87
627.8
623.9
625.05

Scrambled Data SP futures contract

630
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615
610
605
600
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Time(days)

Figure 8.2 Synthetic data from Table 8.3 for the S&P-500 contract.
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bar in the sequence is similar in both cases. Thus, we have encapsulated the market behavior in the original bar 10 and reproduced it in another sequence to create new synthetic data.

Of course, the more samples you generate, the greater the variety of patterns you will see. Another synthetic pattern derived from original December 1995 S&P-500 futures data is shown in Figure 8.3 to illus​trate the variety of possible patterns. The new patterns cover a narrower price range than the original data, and appear like a breakout at the end.

Thus, you can generate a variety of chart patterns using data scrambling. Continuous contracts work well to create synthetic data be​cause they represent a long history of market action. If you prefer, you can use this method on individual contracts, and then string them to​gether for testing using rollovers at the appropriate dates.

The power of data scrambling increases as the number of bars of data increases because you can create a greater variety of patterns. Thus, if you had, say, a 5-year or 7-year long continuous contract, you could

Scrambled Data: SP futures contract
630
625
620
615
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Figure 8.3 Synthetic data for S&P-500 contract using the bar sequence 6, 5, 4, 2,1,9,10,8,7,3.
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Figure 8.4 Swiss franc synthetic contract (lower curve) generated from daily data using continuous contract (upper curve).

generate 100 years of data and test your system against a variety of mar​ket conditions. Since these are the type of patterns you are likely to see in the future, this is the most rigorous out-of-sample testing you can achieve.

Figure 8.4 shows how data scrambling can overcome the limitation of insufficient data. First, the original data had several trading ranges, whereas the synthetic data has several trends, indicating you can gener​ate new price patterns. Second, the synthetic data exceeded the price range of the original. Thus data scrambling can create new price ranges and new price patterns, which are necessary to test your system under the widest possible range of market activity.

Testing a Volatility System on Synthetic Data
Here we test a volatility system on synthetic data to illustrate how to use data scrambling. A volatility system is a good choice for this because the currency markets have recently seen sudden, compressed moves. You may feel that sudden, compressed price moves are a staple in today's fu​tures markets. However, a historical review will convince you that they have also occurred before. Such moves are often difficult to trade with
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systems that use heavily smoothed data. Many traders have observed that sudden moves also occur near the turning points of trends. Hence, you may find a volatility-based approach also suitable for identifying tops or bottoms. You can define volatility in many different ways.

The usual practice is to use some multiple of the recent true range to define the edges of price moves. Here we take a simpler approach and use just the difference between today's high and low as the measure of price range. The buy stop for tomorrow is today's high plus two times today's high-low range. Similarly, the sell stop is today's low minus two times today's high-low range. It is quite unlikely (but not impossible) that you will hit both entry orders on the same day.

The above definition of entry points is quite generic and not opti​mized to any specific market. You can use a multiple larger than two to get fewer entries, or smaller than two if you want more entries. We as​sume these volatile swings occur near turning points, so we will test an arbitrary trend following exit: exiting on the close of the twentieth day in the trade. First we look at test results using continuous contracts. Then, we will test this system on synthetic Swiss franc data obtained us​ing data scrambling. The goal is to show how this simple system works as well as to illustrate how you can use scrambled data.

Figure 8.5 shows how the volatility entries appear on the Decem​ber 1995 Swiss franc contract. In September, this system profited from a powerful rally. The exit at the end of 20 days got you out in the consoli​dation region. However, the system did not go short soon enough in the August sell-off. That trade was barely profitable. Note the previous long trade hit the $3,000 initial stop. Therefore, by design, a short burst out of one consolidation into another consolidation or trend works best with this system.

We tested the system first on a continuous contract using actual Swiss franc data from June 30, 1989, through June 30, 1995, allowing $100 for slippage and commissions and using a $3,000 initial stop. We then used the data scrambling routine to scramble these data, and made up eight more continuous contracts. We tested the same sys​tem without any changes on the scrambled data, as summarized in Table 8.4. The synthetic data have the letters "Syn" in their name for clear identification.

The results over 56 years of synthetic data show that it is possible to have future performance significantly better or worse than the test period. This should come as no big surprise. The performance over in​dividual synthetic contracts varies widely. The average performance of all the eight synthetic series (last row), however, approaches the per​formance over the original test period (first row). This result is similar
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Figure 8.5 Stops at two times the high-low range above and below today's high and low provide good entries into compressed moves. However, the market can often make big moves without volatility.

Table 8.4 Comparison of volatility system on actual and scrambled data


Maximum 
Intraday

Draw-Profit
down Market ($)
($)

Number
Number
Average
Average Profit
of
of
Win/
Trade Factor
Trades
Winners
Loss
($)
SF

5,800

48

1.06    121

1.92

43

-17,600

Contract

SF Syn #1
33,624
-12,732
1.42
81
39
1.60
415

SF Syn #2
35,563
-19,550
1.38
97
45
1.59
367

SF Syn #3
-713
-21,388
0.99
99
37
1.53
-8

SF Syn #4
14,350
-14,938
1.16
86
39
1.92
167

SF Syn #5
8,937
-20,425
1.11
98
44
1.36
91

SF Syn #6
-22,625
-27,050
0.79
101
40
1.21
-224

SF Syn #7
13,550
-22,463
1.14
97
42
1.49
139

SF Syn #8
-13,212
-30,750
0.9
97
42
1.19
-136

Average SFSyn data
8,684
-21,162
1.11
95
41
1.49
101
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to that shown in Table 8.1, where the average statistics of the random samples were close to the statistics of the original sample.

In essence, when we average the results over more and more syn​thetic data, we will get ever better estimates of the "true" or most likely system performance. We can also find the standard deviation of the re​sults over synthetic data to quantify the variability of future results. For example, the standard deviation of the profits on synthetic data in Table 8.4 was $20,523 (not shown). Armed with this data, we can use mean-variance analysis to make portfolio decisions using the ideas of modem portfolio theory. We can try to find the portfolio weights for a group of systems that might achieve a given level of expected return for a particu​lar expected standard deviation. We can also use the standard deviation to input a relevant range of values for risk of ruin calculations. Another application is to estimate a range of future drawdowns for a given sys​tem. Thus, synthetic data can be used to estimate the expected future performance.

There is one important limitation of scrambled data. Since we are using a random sampling with replacement approach, our new patterns do not represent actual market behavior. For example, synthetic data can create patterns that do not represent market psychology or any real sup​ply-demand forces. Hence, you should create many data sets and average your system performance across those sets. The averaged performance will probably be more representative of potential system performance in the future.

Summary
In summary, scrambled data provide a new method to test a system over many different market conditions. You can observe the model's perform​ance under such simulations, and gain much needed confidence on how it works and learn to recognize when it does not. You can then use your insight to create filters that may improve system performance, reduce the number of trades, and create a neutral zone for system trading. You can also develop equity curves to check your interval estimates of stand​ard deviation and therefore improve your projections of future draw​downs. You can also perform a subjective evaluation of market condi​tions under which the system does particularly well or poorly.

