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ABSTRACT
This paper aims at optimizing investment patterns using genetic
algorithms. The patterns selected were the “double bottom” and
“double top”. These patterns were identified in three case studies,
with data from the futures of the S&P500 over a period of seven
months and from futures of EUR/USD over a period of one year.
The tool finds the pattern in a day trade scenario, using the
information at the minute level and trade level. The results are
very encouraging revealing that it is possible to identify and
optimize the detection of these patterns using a genetic algorithm
and achieve good returns after withdrawing the transaction costs.

Categories and Subject Descriptors
I.2.M [Artificial Intelligence]: Miscellaneous

General Terms
Algorithms, Performance, Economics, Experimentation.
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1. INTRODUCTION
Computer science has evolved exponentially in recent years, and
so has the computing power. It has gone from machines as big as
a room to as small as an insect. Computers have a relatively short
history on financial markets. It has been only for a few decades
that market players have had access to computers with the power
to aid in financial transactions. This rapid development was in
agreement with the evolution of financial markets. Today there is
a generation that tries to create intelligent software in order to
respond to the market evolution that is constantly changing. In
particular, such matters as Evolutionary Computation, Fuzzy
systems, Swarm Intelligence, Support Vector Machines and
Neural Networks are being widely used in financial markets in
many different ways, for optimizing the collection of investment
assets or to attempt for the forecast of the future direction of
prices by analyzing past market data. Said that, automated trading
methods, which are often, referred as algorithmic trading, are
becoming increasingly widespread and with their soft computing
techniques are widely applied to stock market problems.
Investments in financial markets in the long term can provide
higher returns than other assets. This creates a lot of interests
around financial markets. There are so many options on market
investments, for example a fund can invest in growth stocks to
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gain rapidly, or invest in a dividend stock for a long term
perspective. The investors are constantly looking for new
investments strategies to achieve a greater measure of return
above the benchmark. Too much time is being spent in this
direction. The strategies can be based on models as a simple
purchase of shares at low prices or something more complex like
having a derived portfolio based on historical data correlated with
a portfolio of fixed income securities while dynamically hedging.
Investments strategies can be based on qualitative factors or on
quantitative factors such as trading futures based on the historical
data of the S&P500 future index.
There are tens of thousands of market participants who buy and
sell financial assets for several reasons: Expectations of gains, tax
reasons, hedging, afraid of incurring losses, “stop-loss”, “pricetargets”, recommendations, fundamental analysis and technical
analysis. The so called patterns (“Graphical patterns”) put the
purchase and sale into perspective by consolidating the forces of
demand and supply in a concise framework. Even more important
is the help that together with technical analysis, identifying
patterns give the winner of the battle between the “bulls” and
“bears”. The analysis of patterns can be used to perform
predictions of short and long term. The information can be
“intraday”, daily, weekly, and monthly, and the patterns can take
place in just one day, or even several years.
The genetic algorithms belong to a class of machine learning
algorithms and have been used with a great success in many areas
of research. Is a search algorithm based on the principles of
evolution and natural genetics combine the exploitation of past
results with the exploration of new areas of the search by using
“survival of the fittest” techniques among string structures with a
structured yet randomized information exchange. The use of them
in the identification of graphical patterns has been revealed also a
great success. Therefore the system is going to use a GA to
identify graphical patterns. In the present case the method is used
to identify the “double bottom” and “double top” patterns.
This paper is organized as follows; In Section 2 the related work
is discussed. Section 3 describes the methodology used. Section 4
describes the GA. Section 5 describes the experiments and results.
Section 6 draws the conclusions.

2. RELATED WORK
Experts from many markets use technical indicators to assess the
market. Many technical analysts believe that the variations in
prices are not random, they follow some trends. However they
also say that there may be periods of time in which shares may not

follow any tendency. Therefore, of most importance is to correctly
identify the tendency to obtain better results. To identify graphical
patterns it is necessary to examine historical data. Usually the
studies of technical analysis looks at quantitative indicators, such
as moving average, relative strength index among other indicators
[14,2].
Charting patterns, such as flags, saucers, head-and-shoulders,
rounding tops and double bottom have been studied. More recent
there is an example of the use of technical analysis in the
identification of certain graphical patterns. In [9] it is presented an
experiment in identifying the bull flag using pattern recognition
software. Other authors also studied some of those patterns before
[12, 19].
Different approaches are used for making purchase and sale of
different assets. Some have the goal to maximize the profits and
not minimize the prediction error [4]. They use genetic network
programming with State-Action-Reward-State-Action (GNPSARSA) learning for creating trading rules on stock markets. It
consists of judgment nodes and processing nodes that are connect
to each other, returning judgment results for assigned inputs and
determined the next node. The processing nodes take actions of
buy and sell. Other knows approach is the genetic network
programming with rule accumulation [15]. The aim of this
approach is not to obtain good individuals, but to accumulate a
large number of extracted rules in the rule pools every generation,
more than the original GNP. Therefore, the rule accumulation is
carried out throughout the generations. So, the rules which
contribute to the fitness several times in different periods can be
regarded as general rules which avoid over fitting to the rare
situation in the training, this is the most important point in this
method. This method has a particularity that the number of times a
rule can be extract can be limited. For example if the limit is set to
two, the software can only use the rules extract at least two time
for the decision making in the testing. Another method for
automatic stock trading is the method that combines nearest
neighbor classification [17] and some well-known tools of
technical analysis namely stop loss, stop gain and RSI filter (the
stop loss was used to limit the loss in a single trade to 3% and the
stop gain was used to protect the gain when it approaches to
10%). Like the others methods the objective is to achieve good
results in terms of profitability, comparing the results with the
profits that would be obtained with the buy-and-hold strategy.
Based on box theory and Support Vector Machine (SVM)
algorithm in [20] there is an example of success on a bull and bear
market. A two estimator based on SVM regression algorithm is
used to forecast the upper and lower bound of the oscillation box
respectively. Note that the box theory is that the stock price is
supposed to generally oscillates in a certain range during a period
of time. After the forecast of the upper bound and lower bound of
the price oscillation box are determined, a trading strategy is
constructed to make trading decisions. Another effective method
to acquire trading strategy in the stock markets that evaluate
individuals in genetic algorithms is the neighborhood evaluation
[13]. It involves the evaluation of neighboring points of genetic
individuals in fitness landscape as well as themselves. This aims
for dealing with the difference of the landscapes between the
training and the test data.

Another author demonstrates an empirical methodology for
creating and testing Artificial Neural Networks (ANNs) for the
use within stock market trading system. The methodology
presented separates the in-sample benchmarking process, also
aims to ensure that if the neural models developed during the insample training process are curve-fit, then that is clearly exposed
during the out-of-sample benchmarking [18].
To many, technical analysis is a valuable and profitable toll in
trading and investment decisions. As a non-arbitrage algorithmic
trading system, supplemented by the use of reinforcement
learning (RL) we have the Adaptive Network Fuzzy Interface
System (ANFIS). The reinforcement learning is used to formalize
an automated process for determining stocks cycles by turning the
momentum and the average periods [16].
Another success on bull and bear market is the intelligent stock
trading system based on improved technical analysis and Echo
State Network (ESN) [11]. It conventional technical analysis with
genetic algorithm by learning trading rules from history for
individual stock and then combine different rules together with
ESN. Parameters, such as radius of ESN’s reservoir and trading
threshold, may influence the profits. Thus the direction of the
share price is an opportunity to generate profit in both bull and
bear markets. Various types of trend patterns have been
categorized, for instance, head-and-shoulders, triangle, ascending
and descending channel and cup and handle were characterized
[10].
The trend pattern usually indicates a specific trend of the stock
price over a period of time. Various types of trend patterns have
been categorized [8]. Patterns of price movement that can predict
futures prices, such as the “head-and-shoulders” and “double-top”
patterns have been analyzed [5].
Although graphical patterns are widely used by traders as an
important additional tool in decision making, it is necessary to
note how the market is near the graphic pattern. A new approach
combining a Symbolic Aggregate approximation (SAX) technique
together with an optimization kernel based on genetic algorithms
have been describe in [3].
Unlike shares, the futures contracts have a fixed time term. If the
contract comes to an end, the future will be settled. In some cases
it can be delivery a commodity. Thus many investors make “roll
over” on the contract, selling the old future contract and buying
the new one that has a new maturity. So the volume data display
strong quarterly seasonality due to the “rolling over” of the
positions close to the expiry date of the near contract. It´s
important to consider that there is a mechanical link between the
open interests and the future trading volume [1]. Also others made
explicit the relationship between trading volume and change in
open interest proving upper bound for this “roll over” [7].
In the futures market it is possible to make a profit by buying a
contract to buy when is expected that the market is rising (bull
market), or buy a contract to sell when is expected the market is
going down (bear market). In table 1 we can see a summary of
some of the results of the approaches that have been mentioning.

Table 1 - Investment Algorithms

Ref.

Year

Method

Used
Data

Financial
Market

Period

[17]

2010

K-NN

Stock
Price

Bovespa

01-04-1998 to 09-03-2009

[4]

2009

GNP-Sarsa

Stock
Price

Tokyo

05-01-2004 to 30-12-2004

9.8%

[15]

2011

GNP-RA

Stock
Price

Tokyo

05-01-2009 to 30-12-2009

13.5%

[20]

2010

Oscilation
Box

Algorithm Performance

US
Stocks
and
Index

S&P500

And

487.74%
(Profit rate)

Bull-> 37.69%
17-03-2004 to 17-10-2005

Bear->12.65%
Total->25.94%
57,4%

[13]

2010

GA

Several

Nikkei 225

Jan. 1999 – Dec. 2009

[16]

2011

ANFIS

Stock
Price

US

24-08-1994 to 30-08-2006

240.32%

[18]

2010

ANNs

Stock
Price

ASX

01-01-2004 to 31-12-2008

338.10%

[11]

2011

GA and
ESN

Stock
Price

US (S&P500)

01-09-2000 to 01-09-2002

(Profit rate)

Bull -> 41.6%
Bear -> 26.5%

3. METHODOLOGY
The system is going to try to discover the “double bottom” pattern
using a genetic algorithm to find what are the parameters of this
pattern. This type of pattern is typically formed by two
minimums, with a maximum between the minimums, followed by
breaking the resistance line. Generally, this pattern marks the
transition from the turn of a bearish period for a bullish period.
The elements that make up this graphical pattern are the
following:
•

•

•

First minimum (A) - The pattern is recognized by the
existence of two minimums, the first minimum usually
is the lowest prices of the bearish period;
Maximum (C) – Between the two minimums there is a
maximum that can get some percentage above the value
of the minimum. The volume usually increases around
the maximum but proves to be inconsequential for a
breakout to occur, so the asset declines again;
Second minimum (B) – Should have a price similar to
the first minimum even supposing that there is a slight
difference. After this minimum usually there is an
increase in the price which is enhanced by an increase in
volume. In this situation, breaking the resistance line
should be distinguish with the bulls that exert buying
pressure that the bears investors cannot undo.

It can be seen in Figure 1, a generic example of the “double
bottom” pattern. The point A is the first bottom of the pattern that
follows a downward trend and suddenly a shift to a rising trend.
The maximum (point C) is detected when the upward trend
changes to a downward trend. For the pattern to be complete,
another change of the tendency has to happen like on the first
bottom, if that happens a new second bottom is identify (point B).

Figure 1 – Generic “Double bottom” Pattern
The hardest part to identify this pattern is to distinguish the false
breakouts. This means that after having discovered the second
bottom, the first breakup might happen passing the resistance line
without there being a reversal in the trend actually. If this happen
we probably going to be in a loss, because after having been
identified the pattern is the moment when the “long” position is
opened. Moreover if the pattern is correct and the trend is upward
some profit will be made.
The methodology presented below is generalized to allow various
methods of identifying technical patterns, figure 2. The
methodology consists of three parts:
•

On the first part there is the validation, which consists
of four steps. Begins by checking if there is no open
position on the market. If there is an open position go
for part three. When there is no open position go for the
next step, which validates that the minimum time since
the close of the last position was reached. In the next
step examines whether the tendency of the price on that

•

•

day is in line with the pattern used, and finally is
analyzed the time at which the operation is performed
is within the allotted time for the same transaction;
The second part will only occur if the four steps on the
first part are validated true otherwise the first part is
repeated. Then it is used the detection method of the
pattern chosen. If the pattern is not detected it is
repeated the part one, otherwise is opened a position;
This last part consists in the close of the position. In the
first step it is validated if the operation is still within the
time allowed for daily permanence in the market. On
the second step it will be checked if the target or the
stop loss was achieved. If one of the steps is actually
true, the position is closed and will be set a minimum
value for the time that is validated in the first part.

number of iterations when there is no improvement in the best
chromosome.
The parameters used in the algorithm are:
•
•
•

•

Population size;
Minimum number of generations;
Probability of occurrence of crossover for every two
individuals;
Probability of mutation of the gene position.

It was chosen as an example the technical pattern “double
bottom”.
The chromosome of the genetic algorithm used for this pattern
consists of the following genes:

•
•
•
•
•
•

Pattern trend;
Distance from the first bottom to top;
Distance from the second bottom to top;

Strength of the first bottom;
Strength of the top;
Strength of the second bottom.

The chromosome is divided into two parts. The first consists of
one gene that determines whether a tendency of the price is
according to the pattern used. The second is composed of two
genes that define the distances between the top and the bottom,
and three more genes that identify the trend within the pattern
figure 3.

Figure 3 – Basic chromossome used in the GA.

Figure 2 – Methodology

4. GA
This algorithm analyzes each chromosome of the population by
applying this methodology. Later uses an evaluation function to
select the best individuals that will produce the next generation.
This new generation result from the use of selection, crossover
and mutation operations. The stop condition is a minimum

The pattern trend gene is used in order to make the GA to decide
whether or not to open a position according to the investment
trend and the market trend, for that it will be used the value of the
gene to consider the trend from a certain period of time. The two
genes that defines the distance from the bottoms to the top,
represents the minimum distance of the prices between those two
points. This validation can be done at the end or while discovering
the points. The last three genes represent the strength of the trend
between the three points. Prices are always changing, and not
always follow the same trend. For example, in a one hour period,
the price could increase 35 times, decrease 20 and maintain in 5
(considering the price per minute). According with that and the
type of the investment, “long” or “short”, the GA will consider the
increase or the decrease of the price and calculate a strength that
has to be bigger than the value of the gene.

•

•

Other genes that were tried but were discarded
because they did not bring improvements in the
results were:
One gene to consider the window for the pattern
discovery,

•
•

•

Two genes to set a minimum time between the
three points (bottom 1, top and bottom 2),
Three genes that defines the minimum distance
between the price of the MA (50,100 and 200) and
the price,
One gene based on the value of the VIX that
calculates a theoretical maximum variation of the
price on the day and validate with the possible
gain if a position is open.

Besides the pattern detection, other parameters are used on this
work. For example, depending if the investment is “long” or
“short” the price variation of the day has to be positive or
negative. A minimum and a maximum time to enter on the market
is require. After a position is closed, a minimum time “out of the
market” is require to open a new position.
The GA uses a random selection process that will only apply to
half of the population. In the process of crossover it is used only a
one cutoff point. It was studied the option for more points but
because of the size of the chromosome is small it was decided to
put aside that possibility. The mutation process uses a 20% rate at
which each individual chosen will mutate one gene.

future “roll over” doesn’t affect the experiments since the type of
trade chosen is day trade.
On the first two case studies the system starts the trading day with
$50,000 for the $250 size contract and $10,000 for the $50 size
contract, in cash assets. It was also considered an initial margin of
$21,875 and maintenance of $17,500 for the $250 size contract
and an initial margin of $4,375 and maintenance of $3,500 for the
$50 size contract. On the third study the system starts with
$100,000 and the contract is 0.0001 per euro increments
($12.50/contract) and has an initial margin of $2,475 and
maintenance of $2,250 which represents paying a total of $6
commission for opening and closing one position.

5.1 Case Study I
The big difference between the first two case studies is how the
data is organized. In this case study it was considered the data
with a minute time frame. The parameters used were a population
of 200 elements and the minimum number of generations without
improvement used as stop criteria is 20. The test was repeated t
for 10 runs.
As already mentioned previously, one of the patterns chosen as
example, was the “Double Bottom”. The test follow the
methodology describe earlier. After the first part of validations it
follows the pattern detection.

The generation of a new population is elitist, because the best
individuals will be preserved. The fitness function for this
algorithm is represented in equation 1. P represents the
profitability and N is the number of winning trades. Unlike many
fitness functions that use only the total profit in the training
period, it was added the total number of winning trades to give
some relevance to the amount of trades performed. The objective
is to increase the number of trades, because a solution with a
higher number of trades and equal return will be more robust in
the test period.


  
√

(1)

It was considered to add the maximum drawdown in our fitness
function [21]. But because the algorithm is of type day trade and
one of the condition of entry into the market is the trend of the day
has to be according to the trend of the pattern, we discard this
possibility.

5. EXPERIMENTAL RESULTS
In this section three case studies are presented. The application
was tested in real market conditions. In the first two the data used
was from S&P500 futures contract size $250 and $50. The
application of these tests was performed taking into account real
market conditions and the data correspond to the period between
01-05-2012 and 31-12-2012. Particularly, the training and testing
period were, respectively, from 01-05-2012 to 11-06-2012 and
from 12-06-2012 to 31-12-2012. In the third case study the date
used was from EUR/USD futures. The application condition was
the same as the first two studies. The data correspond to the
period between 01-01-2012 and 14-03-2013. The training period
and the testing period were, respectively, from 01-01-2012 to 3101-2012 and 01-02-2012 to 14-03-2013. It was considered a
recent period of data, a transaction cost of $3 and $1.5 on buy and
$3 and $1.5 on sale. All transactions are made with only one
future contract, providing up a scenario closest to the reality. The

Figure 4 – Double Bottom Pattern identified by the method
for the SP500
Figure 4 represents an example of the identification of the “double
bottom” pattern with our method during the test. The algorithm
first detects Point A at 18:34 with a price of 1376.23, which is just
after a downward trend and will marks it as a possible first
bottom. Now the software is going to look for a better first bottom
point or for a maximum to mark as a possible top. The price is
rising but the value is not high enough to mark any point as top.
Then the price starts again in a downward trend and the algorithm
see Point B at 18:39 with a price of 1376.38. Point B is not a
better bottom 1 then Point A so he will keep Point A as a possible
first bottom. At 18:42 he finds a point with the price of 1375.59
that is a better bottom then point A and then he marks that point as
possible first bottom. After that the algorithm detects a maximum
at point C at 18:52 with a price of 1378.61, by this time he marks
bottom 1 as the first bottom and marks point C as a possible top.
Then he finds another maximum at 18:59 with a price of 1379 that
is better than the point C, so he marks as a new possible top. He
keeps bottom 1 as first bottom by this time, since he only found a
better top. At 19:05 with a price of 1377.33 he finds a bottom that
he marks as a second bottom. So in the next minute at 19:06 with

a price of 1377.6 he opens a “long position” and sets the target
and the stop loss. At 19:09 he finds point D with a price of
1336.9. This is a minimum but the stop loss is lower than this
price so he keeps the position opened. After that at 19:17 the
target is reached with the price of 1379.64 and he closes the
position with a profit of 2 points. The algorithm uses always a
stop loss to minimize losses and a target to preserve the earnings.
In this case the position is close when it reaches the target (2
points) though when looking at the graph it was possible to make
a bigger profit.
Not always the algorithm makes profit. The following figure 5 is
an example where the algorithm detects the pattern double bottom
with loss. Then the price is going in a downward trend and the
algorithm finds a better point for Bottom 1 at 16:56 with a price of
1418.85.

All the transactions have to be made on the same day (open and
close the position) and between 08:30 and 21:00, and also the
trend on that trading day has to follow what is configured for the
method. For example can reasonably be argued that the trend on
the last two hours has to be upward, or that based on VIX the
maximum daily variation is near the limit of the day so cannot be
opened a position right now, or in the extreme we only trade in a
positive day.
The following table represents the test result of the ten runs.
During the training, the winning percentages were between 64.15
and 64.64 and the total training trades are between 99 and 106. It
can be observed that the results of the training are relatively close
to the results obtained during the test presented on table 2. During
the test there was an average trade of 436 of which 265 were
winning trades.
Table 2 – Test results
Average
Trades

436

Average Winning
Trades

Average
Winning %

Standard
Deviation

265

60,77

0,75

The average time on the market is 23703 minutes what represents
an average of 54 minutes for trade. Also the average maximum
consecutive wins are 13 against 7 maximum consecutive losses.
Figure 5 – Double Bottom Pattern identified by the method
for the S&P500 with loss
As was said before, figure 5 represents an example of the
identification of the “double bottom” pattern with our method
during the test period with loss. First, the algorithm detects point
A at 16:42 with a price of 1419.4 and marks it as a possible first
bottom. The price is rising and the algorithm finds point B at
16:49 with a price of 1420.17, however the price is not high
enough to mark this point as top. Again the price is rising and the
point C if mark as a possible top at 17:18 with a price of 1420.4,
the price continues to rise and at 17:22 with a price of 1420.5 the
algorithms finds a better top and marks it. The price starts again in
a downward trend and the algorithm find bottom 2 at 17:52 with a
price of 1418.4 and in the next minute it open a “long position” at
17:53 with a price of 1418.77 (Buy), setting the target and the stop
loss respectively at 1420.77 and 1416.77. The algorithm continues
the matching of all prices while we are in the market with the
target and the stop loss. Points D, E, F, G, H, I, J, K and L and
extreme points where the trend changes and have more chance to
reach a target or the stop loss. However the price never reaches
1420.77 or 1416.77 until at 19:32 with a price of 1416.75 where
the algorithms reach the stop loss and close the position with a
loss. We can see at figure 13 that the price will rise again and if
the stop loss was greater it was possible to not close the position
at that time with loss, however that could increase the losses in
situations where the price keep falling. Another option was to set
a maximum of the time in the market, where even if the target or
the stop loss wasn’t reached the algorithm closes the position. On
this example if there were a maximum time in the market of 30
minutes the position was close with a higher price decreasing the
loss. This could be useful to predict when the market is undecided
and the probability of the pattern to fully form is inferior.

It’s also important to mention that between the training and the
testing the winning percentage dropped 3%, which is acceptable.
The profitability over the test rises in a constant way, which
indicates that there are not long periods where there are big losses.
In figure 6 is shown the profits in the S&P500 futures contract
$250 considering transactions costs of $10 and $6 respectively.

Figure 6 – Profitability over the period in case study I,
assuming the $250 contract
However, if the future contract purchase is the $50, as can be seen
in figure 7, the transaction costs has a huge weight in income. The
difference of paying $6 instead of $10 cannot be regarded.

Winning

%

61,5
61
60,5
60
59,5
59
58,5

Winning %
Linear
(Winning %)
1 2 3 4 5 6 7 8 9 10
Figure 8 – Winning percentage of the 10 Runs

Figure 7 – Profitability over the period case study I, assuming
the $50 contract

On table 3 is presented the average trades and winning trades as
the average of the winning percentage of all runs. The average
trades were 2.1 times more than the average number of trades of
case study 1, with an average winning of 60.27 %, what is a good
result. The fact that the standard deviation is low indicates that the
results are solid.

5.2 Case Study II
As was said at the beginning of section five, in the first two case
studies, the data is relative to the S&P500 futures contract size
250 for the same period of time. In this case the software is going
to use more information about the actual trading using all the
individuals trades in every minute, in other words, all the data
transactions rather than the minutes only. This means that on the
same minute there are 20 or even 40 trades. The total data used
had more than 400 thousand trades. That is four times the number
of trades used on case study 1 for the same period.
It should be taken into consideration that although the data used in
both study cases is from a period of only seven months, the
number of datasets is large, because on the first case it was used
the data on a minute basis and on the second is even more large
because it contains all the transactions.

Table 3
Average
Trades

959

– Test results

Average Winning
Trades

Average
Winning %

Standard
Deviation

578

60,27

0,22

As happened in case study 1 the profitability over the period
assuming the $250 contract is consistent as shown in figure 9, also
as the number of trades are higher the difference between the $10
transaction costs and the $6 transaction costs occurs increasingly
less.

Only one contract will be traded each time and it was considered a
total cost of $10 for the transactions costs. The parameters used on
this test were the same used in case study I. It was also repeated
the test for 10 runs. In this case it was detected the “double
bottom” and “double top” pattern like it was performed on case
study 1.
Was also studied the possibility to add a position further in the
same direction when a profit was incurred for a given traded
position [6]. It was put aside this possibility, because it was
intended to be the minimum possible time in the market.
On figure 8 can be seen the results of the winning percentage of
the 10 runs of the test. As can be seen the linear is constant
thought the runs that mean was obtained a good consistence on
the winning percentage.
Figure 9 – Profitability over the period in case study II,
assuming the $250 contract
Figure 10 shows why the cost of the transactions may be an
important factor which cannot be ruled out. The difference of the
$10 transaction cost to the $6 clearly defines the success. In both
cases the maintenance margins have always been complied.

was considered a total of $6 for $100000 investment and $3 for
500000 investment. It is important to notice that with the
leveraged it is not need to have that amount in the account.
Figure 12 represents the result of case study III considering the $6
and $3 commissions. Despite the result at the end is very positive,
there were periods when the investment had high losses specially
assuming the $3 commission that had an investment of $500000.
Nevertheless the $25000 available for investment was never
reached. The ROI of both amount of investment is considerable
different, on the first we have a more controllable gain/loss than
on the second where is paid half the price for the commission but
the gain and the losses are greater. Some investors are not capable
of have periods with such losses and will prefer the first amount
of investment even with the high hypotheses of have very good
profits.

Figure 10 – Profitability over the period in case study II,
assuming the $50 contract
The “short” investment on the period is not as good as
the long investment since is a bull period what is reflected in the
number of transactions that is proximally 5 times less (figure 11).
Unlike what happened with the “long” investment during the
period on this contract, the ROI was not always positive.
Figure 2 –Profitability over the period assuming the
EUR/USD future
The difference on the ROI because of the amount of investment is
notary. Figure 13 represents the ROI based on the “Short”
investment algorithm paying $6 and $3 commission. On this
example the pattern identified was the “double top” pattern.

Figure 11 –Profitability over the period assuming the $250
contract on short investment

5.3 Case Study III
The data used on this case study differs from the first two since it
was used the EUR/USD futures instead of S&P500 futures.
The parameters used on this test and also the pattern detect were
the same used and detected in the other cases. It was also repeated
the test for 10 runs. The commission prices for this type of
contract it changes based on the amount invested during the year.
In this case and taking the consideration of the number of
transactions made and the amount invested on each transaction it

Figure 13 – Profitability over the period assuming the
EUR/USD future (short investment)
During the year 2012 the B&H of EUR/USD future had a small
amount of profit or loss depending if was “short” or “long” and
finish the 14-03-2013 with a small profit of $830 and $4150 for
the “short” investment and with a small loss of -$830 and -$4150
for the “long” investment. Figure 14 illustrates the profitability of

B&H with a long investment and with a short investment during
the period for $100000 and $500000 amounts.

futures trading in systems for automatic trading. Overall, our
results show that is possible to create strategies conditioned by the
occurrence of “Double Bottom” and “Double Top”, with positive
returns, which indicates that these patterns can capture from stock
historical prices some signals about their future price trend that
makes possible to create profitable strategies even when the
effects of transaction costs are considered. The results in favor of
the ability to forecast of the patterns, even when taken into
account transaction costs inherent in the stock market are elevated
enough to maintain their economic attractiveness for the investors,
in special the bigger ones, with access to lower transaction cost.

7. REFERENCES
[1] Bessembinder, H., Chan, K. and Seguin, P.J. 1996. An
Empirical examination of information, differences of
opinion, and trading activity, In Journal of Financial
Economics, 40, (1996), 105-134.
Figure 14 – B&H profitability over the period assuming the
EUR/USD future
The first result presented on this case study and the B&H long
investment (B&HL) had big losses over the period. The maximum
accumulated losses from the GA reach -$3806 for the $6
commission ($100000 amount) and -$19003 for the $3
commission ($500000 amount) on the “long” investment, on the
“short” investment the ROI never become negative. The B&H had
a maximum accumulated of losses from -$50600 and -$28950 for
the $500000 amount of investment in the “long” and “short”
respectively and -$10120 and -$5790 for the $100000 amount of
investment. At the end GA for the “long” investment had a profit
of $5994 for the $100000 investment and a profit of $29997 for
the $500000 investment. On the “short” investment it had a profit
for the $100000 amount of $1490 and for the $500000 of $12445.

6. CONCLUSIONS
A sturdy GA system was applied to optimize the parameters that
describe the pattern chosen as an example (“double bottom” and
“double top”) that has been identified with great success during
the intraday S&P500 futures trading and EUR/USD futures. The
first two case studies that were presented have performed well
with a winning percentage higher than 60% on both cases and a
low standard deviation that indicates consistence. It was also
verified that the transaction costs in short term transactions can
have big influence in the overall earnings obtained.

[2] Brock, W., Lakonishok, J. and LeBaron, B. 1992. Simple
technical trading rules and stochastic properties of stock
returns. In Journal of Finance, 47, 1731-1764.
[3] Canelas, A., Neves, R. and Horta, N. 2013. A SAX-GA
approach to evolve investment strategies on financial
markets based on pattern discovery techniques. In Expert
Systems with Applications, 40 (2013), 1579-1590.
[4] Chen, Y., Shingo, M., Shimada, K. and Hirasawa, K. 2009.A
genetic network programming with learning approach for
enhanced stock trading model. In Expert Systems with
Applications, 36 (2009), 12537-12546.
[5] Friesen, G.C., Weller P.A. and Dunham, L. M. 2009. Price
trends and patterns in technical analysis: A theoretical and
empirical examination. In Journal of Banking & Finance, 33
(2009), 1089-1100.
[6] Hirabayashi, A., Aranha, C. and Iba, H. 2009. Optimization
of the Trading Rule in Foreign Exchange using Genetic
Algorithm. In Proceedings of the 11th annual conference on
Genetic and evolutionary computation (GECCO '09). ACM,
Montréal, Québec, Canada. 1529-1536.
[7] Holmes, P. and Rougier, J. 2005. Trading volume and
contract rollover in futures contracts. In Journal of Empirical
Finance, 12 (2005), 317-338.
[8] Kim, S. D., Lee J. W., Lee, J. W. and Chae, J. S. 2002. A
two-phase stock trading system using distributional
differences. In Lecture Notes in Computer Science, 2453,
399-423.

Throughout the work developed it was found that the use of the
genetic algorithm in order to improve the performance and obtain
better results was a success. The way that the GA optimizes the
search for the best solution in order to obtain optimal results is
important. Is possible to further improve the search in order to
seek better results with a few changes in the configuration file.
For example it is possible to increase the number of generations or
the number of the population, though the time spent will also
increase substantially. Another way of trying to increase the
success the outcomes may be changing the probability of the
crossover or the mutation of the genetic algorithm. The selection
used on this dissertation was elitist. The results will probably be
different if another type of selection could be used.

[11] Lin, X., Yang, Z. and Song, Y. 2011. Intelligent stock trading
system based on improved technical analysis and Echo State
Network. In Expert systems with Applications, 38 (2011),
11347-11354

The results obtained using the developed trading system make it
possible to say that this system may be successfully used for

[12] Lo, A. W., Mamaysky, H. M. and Wang, J. 2000.
Foundations of technical analysis: Computational algorithms,

[9] Leigh, W., Purvis, R. and Ragusa, J.M. 2001. Forecasting the
NYSE composite index with technical analysis, pattern
recognizer, neural network, and genetic algorithm: a case
study in romantic decision support. In Decision Support
Systems, 32 (2002), 361-377.
[10] Levy, R. A. 1971. The predictive significance of five-point
chart patterns. In The Journal of Business, 44(3), 316-323.

statistical inference, and empirical implementation. In
Journal of Finance, 55, 1705-1770.
[13] Matsui, K. and Sato, H. 2010. Neighborhood evaluation in
acquiring stock trading strategy using genetic algorithms. In
Soft Computing and Pattern Recognition (SoCPaR), 2010
International Conference.(7-10 Dec. 2010), 369-372,
DOI=10.1109/SOCPAR.2010.5686733.
[14] Pruitt, S. W., and White, R. E. 1988. The CRISMA trading
system: Who says technical analysis can’t beat the market?
In Journal of Portfolio Management, 55-58.
[15] Shingo, M. and Hirasawa, K. 2011.Enhanced Rule Extraction
and Classification Mechanism of Genetic Network
Programming for Stock Trading Signal Generation. In
Proceedings of the 13th annual conference companion on
Genetic and evolutionary computation (GECCO '11). ACM,
Dublin, Ireland, 1659-1666.
[16] Tan, Z., Quek, C. and Cheng, P. Y.K.2011.Stock trading
with cycles: A financial application of ANFIS and
reinforcement learning. In Expert Systems with Applications,
38 (2011), 4741-4755.
[17] Teixeira, L., and Oliveira, A. 2010.A method for automatic
stock trading combining technical analysis and nearest

neighbor classification. In Expert Systems with Applications,
37 (2010), 6885-6890.
[18] Vanstone, B. and Finnie, G. Enhancing stockmarket trading
performance with ANNs. In Expert Systems with
Applications, 37 (2010), 6602-6610.
[19] Wang, Jar-Long. and Chan, Shu-Hui. 2007. Stock market
trading rule disacovery using pattern recognition and
technical analysis. In Expert Systems with Applications, 33
(2007), 304-315.
[20] Wen, Q., Yang, Z., Song, Y. and Jia, P. 2010. Automatic
stock decision support system based on box theory and SVM
algorithm. In Expert systems with Applications, 37 (2010),
1015-1022.
[21] Wilson, G. and Banzhaf, W. 2010. Interday Foreign
Exchange Trading using Linear Genetic Programming. In
Proceedings of the 12th annual conference on Genetic and
evolutionary computation (GECCO '10). ACM, Portland,
Oregon, USA. 1139-1146.

