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The process of devel oping mechanical trading systems often leads to frustration and to a
financia disaster if the systems do not perform as expected. The majority of those who
attempt to devel op mechanical trading systems quit sooner or later and if they decide to
continue trading adopt an aternative style. Asit turns out, developing a winning trading
system is an art and a science and requires both quantitative skills and experience with
the operation of the markets. To succeed, it is not enough purchasing afast computer,
getting a high speed Internet connection, reading afew good books on technical anaysis
and attending afew seminars. It is also required that traders invest personal time and go
through the learning process of system development. Very few makeit to the end of the
road and, of course, the end is not the “Holy Grail” but atrading system with an
acceptable performance.

An aternative to developing a system is getting a black box that advertises huge monthly
returns. However, most traders do not trust black-box systems because they have a poor
record of meeting expectations and prefer to develop their own using one of those
sophisticated software programs for trading system development and analysis. There is at
least a dozen or more such program available in the marketplace at a moderate price.
Some are even offered at no extra cost to those that open an account with a broker. These
programs have a high-level programming language for implementing and testing trading
system and advanced capabilities for statistical analysis of the results. There are at |east
two problems with the use of such programs. The first problem is that implementing even
asimple trading system requires knowledge of programming. The presence of high-level
language eases but does not eliminate completely this requirement. The second problem
is more fundamental and it has to do with the fact that these “back-testing” programs do
not offer a clue of how to come up with awinning trading system in the first place -- al
you can do with them isto test it after you find it. The burden of finding a systemison
the user and this must be done before it isimplemented in these programs.

Just asmall fraction of traders have the skills and the experience to develop a system
suitable for mechanical trading and some of them are very successful indeed and end up
making alots of money trading the markets. Having a winning trading system and the
disciplineto follow itssignalsis like alicense to print your own money. Thisisthe main
reason traders are so persistent in their search for winning systems. For those that do not
succeed in finding a good system using the conventional methodology discussed above
there is an aternative method: develop a program that automatically discovers trading
systems.

In principle, the idea of automatic discovery of trading systemissimple. You let the
computer do the work based on a set of rules of what constitutes a winning trading
system. The computer will search for profitable trading systems that fulfill the user



criteria and requirements. The trader is not required to do any work, just inspect the
results and see whether the computer did a good job. Since computers do not take coffee
break, do not plan for vacation, take no maternity leave and can work three shifts a day,
etc., the efficiency of such process can be extremely high. The trader can concentrate on
other productive tasks and let the computer search for winning trading systems. Thisis at
least theoretically sound and also an appealing concept but it requires an essential
ingredient to be practical: a program that can do the job. The problem is then developing
such a program.

“Trading System Synthesis’ is amethod developed by this author in mid 90’s (see
reference 1) for solving the problem just defined, i.e. the problem of developing a
program for the automatic discovery of trading systems. The term ‘synthesis’ is used here
as opposed to the term “analysis’. Asfar as trading system development is concerned, the
distinction adopted hereis asfollows. “Analysis’ refersto a process by means of which a
trading system based on a set of pre-defined rules is tested to determine if it generates
acceptable resultsin agiven historical time period. On the other hand, “synthesis’ refers
to a process by means of which the desired performance of the system is specified in
advance and based on that the rules, or code, that completely defines the system are
discovered by some mechanical means. This guarantees that the historical performance of
the trading system matches or exceeds expectations in a specified period of time.

Analysis of trading systems

Before we describe how the process of synthesis works, let usfirst take alook at the
traditional analysis methodology, which isoutlined in Figure 1. When atrading system is
available, it is coded using a computer language, usually a high-level language. Back
testing the trading system involves determination of exact market entry and exit signals
followed by a calculation of a set of performance statistics, such as the success rate or
profitability, the profit factor, the number of winning and losing trades, the maximum
intraday drawdown, etc. The results are then analyzed using various statistical measures
in order to determine whether the trading system is acceptable.
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Figure 1. Development of trading systems using analysis

The trading system code may be modified for the purpose of improving performance and
the process of analysisisrepeated. Thisis atrial-and-error method for trading system
development and it is based one an advanced description of the system and on historical
back testing.

Synthesis of trading systems

We now turn our attention to an alternative method of trading systems development we
call “synthesis’ as outlined in Figure 2. This method involves amodel identification
algorithm. The algorithm requires as input the general description of the trading systems
that are considered during the synthesis. The other input to the algorithm is the historical
data and its output is the code (model) of each candidate trading system to back test. The
back testing involves calculation of a set of performance statistics of each candidate
trading system. An analysis of the performance statistics determines whether the criteria
specified in advance by the user are satisfied. Thisis all done automatically. If the
performance matches or exceeds expectations, then the code of the trading system is
saved in a database, otherwiseit is rejected and the process continuous with the next
identified trading system and terminates when there are no more trading systems to back
test and analyze.
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Figure 2. Development of trading systemsusing Synthesis

We will now take a closer ook at each of the steps shown in Figure 2.

Trading System General Description

This part of the synthesis process describes the general structure of the trading system
that can be identified. Searching for trading systemsis only made possible if there are
established guidelines regarding their general structure. The general description does not
imply knowledge of the trading system code. The determination of the code (model)
given the general descriptionsisthe task of the model identification a gorithm.

Model Identification Algorithm

The general description of trading systemsis one of the inputs to the model identification
algorithm. The other input is historical data. The output of the algorithm is the code of
trading systems that are candidates for meeting the performance criteria specified by the
user in advance. Trading systems that do not fulfill some of the performance criteria, such
as aminimum number of trades over the test period, for example, may be rejected before
the back-testing step. This speeds up the process significantly.




It isevident that as general descriptions get more complex this places an additional
burden on the process and the probability of finding trading systems that fulfill the
performance criteria decreases. Efficient synthesis of trading systems requires afine

bal ance between what is defined in advance in terms of general descriptions and what is
to beidentified in order to determine precise code one can use in actua trading.
Theoretically, ageneral identification algorithm is possible but practically such algorithm
isvery difficult if not impossible to implement. Custom identification algorithms that
work with aspecific class of general descriptions offer the highest a potential for good
results at reasonabl e execution speed.

Back Testing and Analysis

The trading systems generated by the Model Identification Algorithm are back tested
using historical data and this step allows calculation of a set of performance parameters.
The parameters that are used to select trading systems must be specified in advance. As
the number of the parameters considered increases, the probability of finding trading
systems that meet or exceed the performance criteria decreases significantly. A minimal
set of parameters may include the percent profitability, number of historical trades and
maximum consecutive losers. As more parameters are added to the set, the complexity of
the synthesis process increases with the risk of rgjecting all candidate systems. In order to
reduce the complexity, the performance criteria must be selected carefully based on the
intended application of the trading systems.

Back testing and analysis acts essential as afilter to rgect trading systems with
unacceptable performance. The code of trading systems with performance that matches or
exceeds expectations is stored in a database and the process continuous until there are no
more trading systems to back-test and analyze.

Table 1 isacomparison table of analysis and synthesis of trading systems.

Operation Analysis Synthesis
Trading system code Available in advance Automatic Search
Trading system structure Genera Class of systems
System improvement possible? Yes No
Performance analysis Manual Automatic (included)

Table 1. Analysisversus synthess

It may be seen from table 1 that the main advantages of synthesis are gained at the
expense of agenerality. However, analysisis useless unless specific codeis available in
advance. Although the automation of the trading system discovery process resultsin loss



of generality, the method is very powerful and efficient when a specific class of trading
systems is targeted.

Automatic Search for Price Patterns

We consider here as an example a specific class of trading system models based on price
patterns, which have the following general structure:

{Time frame: daily}

If [long pattern logic] then

Buy tomorrow on the open with

Profit target price at Entry Price x (1+T/100)
Stop-loss price at Entry Price x (1 — S/100)

If [short pattern logic] then

Sell tomorrow on the open with

Profit target price at Entry Price x (1-T/100)
Stop-loss price a Entry Price x (1 + S/100)

Where T isthe profit target and S the stop-loss defined as a percentage of the entry price,
respectively. In other words, a system that belongs in this specific class generates buy or

sells signals when some price pattern is formed. The position is placed at the open of the
next bar and the profit target and stop-loss as cal culated as percentages of the entry price.

When using a trading system structure as above, the objective of an automatic search for
trading systems s to identify the expressions that go in the brackets labeled “long pattern
logic” and “short pattern logic”. The general structure and description of the class of
trading system models considered in this example is known in advance. The task of the
identification algorithm isto find specific rules so that the resulting trading systems each
have a set of desired performance parameters when tested over the search period.

Example: Automatic Search for price patternsin MSFT historical data.

For the purpose of this example we used APS Automatic Pattern Search [See reference
2]. APSis stand-alone PC application that discovers price patterns that fulfill user-
defined performance criteria and risk/reward objectivesin afully automated way by
searching historical data. The search can be made very complex by including several
profit target/stop loss pairs and performance criteria. For the purpose of this example,
however, the regular search option of the program was used (instead of the extended
search option, which produces many more patterns but takes much longer to complete)
and one profit targets/stop-loss pair. We used historical daily data for the stock of
Microsoft Corp. (MSFT) from 01/02/1996 to 11/10/2006. (Futures traders should use
properly adjusted historical futures data and equity traders, split-adjusted stock data). The
following search criteria applied to al price patterns considered by the algorithm of APS:



Minimum profitability (profitable trades/total trades) > 66%
Minimum number of historical trades = 28

Maximum consecutive losers< 4

Profit target = 7% Stop-loss = 7% (Calculated using the entry price)

The search results are shown in Figure 3. APS identified five price patterns for this
simple search. Each row in the results in Figure 3 represents a price pattern with its
performance parameters listed along with other useful information.

Last Date
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Figure 3. APSresultsfor MSFT price patterns. Source: APS Automatic Pattern Search
Legend: Trade on designates whether the trade entry executed on the open or close. ¢ PL isthe percent
profitability of patterns suitable for long positions. In this case PS = 100 - PL. ¢ PSisthe percent
profitability of patterns suitable for short positions. In this case PL = 100 - PS. » Tradesis the number of
trades. « CL isthe number of maximum consecutive losers. « Typeis either Long or short.  Tar get
shows the profit target value used in the search. « Stop shows the stop-loss value used in the search. « C
indicates the type of profit target and stop-loss; "%" stands for percentages of entry price. Source:
Automatic Pattern Search (APS)

The resultsin Figure 3 apply to the general structure of trading systems defined
previously and the specific risk/reward parameters selected. Figure 4 shows the logic of
the third price pattern in the results shown in Figure 3, as generated by APS Automatic
Pattern Search. Figure 5 shows the EasylL anguage® code and Figure 6 the Metastock
formula code needed to back test the pattern performance.



MODEL LOGIC FOR SELECTED PATTERMS
Mote: when intraday data iz uzed, DAY'S comezpond to BARS

{Files MSFT tat |ndex 3 Index Date: 20051004 PL:72.00% PS:28.00% Trades50 CL:3}

IFHIGH OF TODAY » HIGH OF 2 DAYS AG0
AMDHIGH OF 2 DAYS AGO » HIGH OF YESTERDAY
AMD HIGH OF YESTERD&Y » LOW OF TODAY

AMD LOW OF TODAY » LOW OF YESTERDAY

AMD LOW OF YESTERDAY = LOW OF 2 DAY'S AGO
THEM BUY TOMORROW OM THE OPEM “WWITH
PROFIT TARGET AT ENTRY PRICE + 7 %

AMD STOP LOSS AT EMTRY PRICE - 7 %

Figure 4. Example of Price Pattern Logic. Source: APS Automatic Pattern Search

EASYLAMGUAGE® CODE FOR SELECTED PATTERMS

Eazplanguage® iz a reqistered rademark of TradeStation Technologies, [nc.

{File:MSFT tat Index:3 Index Date: 20061004 PL:72.00% PS:28.00% Trades50 CL:3}
{LOMG . % TARGET : 7, 5TOP: 7. ENTRY PRICE : OPEM , DELAY : 0}
{The value of the input variables must be specified in Tradestation}

input: ptarget(0]. stopl(0]):
warniables: profitprice(0], stopprice(0];

it b[0] > h[2] AND h[2] = h[1] AMD h[1] > [0] AND I[0] > 117 AMD 1] = [2] then begin
Buy Hest Bar at open;

if b arketpozition = O then begin

prafitprice = O of tamorrow * [1+ptarget/100);

gtopprice = 0 of tormorrows * [1-gtopl100);

zell next bar at profitprice limit;

zell next bar at stopprice stop;

end;

end;

if marketpozition=1 then begin
prafitprice= entryprice * [1 + ptarget/100];
stopprice= entryprice * [1 - stopl/100];
zell next bar at profitprice limit;

zell next bar at stopprice stop;

end;

Figure 5. Example of Price Pattern EasyL anguage® Code. Source: APS Automatic Pattern Search



METASTOCK. CODE FOR SELECTED PATTERMS
MetaStock® i a regiztered trademark, of Equis Intermational, & Feuters Comparny

{File:MSFT bt Index3 Index Date: 20061004 PL:72.00% P5:28.00% Trades:50 CL:3}
ILONG . %  TARGET : 7 . STOR: 7 ENTRY PRICE : OPEM , DELAY : 1}

(Fefih,0) > Reffh-2]) AND [Reffh-2) > Refh,1]] AND [Refih.1] > Refila]] AND [Fref,0]
> Fref(l-1)) &AND [Ref(l-1]> Refll-2)

Figure 6. Example of Price Pattern Metastock formula Code. Source: APS Automatic Pattern
Search

It may be seen from the logic of the pattern in Figure 4 that thisis aformation of an
inside day breakout, as shown in Figure 7.
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Figure 7. Graph of the Price Pattern in Figure 4

Figure 8 shows one of the signals this price pattern generated last June of this year. The
three bars that form the price pattern are enclosed in arectangle along with the entry bar.
This particular signal hit its profit target after 10 bars (days).

The performance statistics for the price pattern are shown in Figure 9. The values for the number
of trades, the number of maximum consecutive losers and the percent profitability are identicd to
the values calculated by APS and shown in Figure 3.  The profit factor can be calculated by
dividing the amount of winning trades by the amount of losing trades and it is found equal to



1.74. The profitability of thistrading systemis 72% and the ratio of average win to average loss
0.67.

Figure8. An example of a signal generated by the price pattern in Figure 4. Source: M etastock

Figure 9. Performance of a trading system based on a price patterns. Source: M etastock



The next step in mechanical trading

Automatic discovery of trading systemsis the next step in mechanical trading. Going to
this next step does not mean that discovering profitable trading system is now atrivial
exercise. The main new difficulty now is designing an algorithm that will search for a
broad class of trading systemsin an efficient way. As already mentioned the gains
realized from using automatic discovery of trading system come with aloss of generality
of the class of trading systems the algorithm is able to search for. Regardless of the
method used to discover and develop trading systems, all traders should remember that
trading, especially intraday and short-term involves substantial financial risks and can
result in total loss of capital.
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