1

Pattern Pair Matching for Financial Assets
optimized with a Genetic Algorithm
João Miguel Carraquico
Instituto Superior Técnico,
Universidade de Lisboa
joao.carraquico@tecnico.ulisboa.pt
Abstract: Trading patterns are commonly
recognized by traders to be an important
additional tool to make good investment
strategies, but sometimes it is hard for traders
to identify these formations because of some
external market phenomena. Searching for
patterns is an area that crosses several
research domains. The pattern analysis is not
only made in the computational finance
domain, but it is also used in other domains
like bioinformatics. In this study, it is
presented a new trading algorithm that
combines
the
Symbolic
Aggregate
Approximation (SAX) representation, a
modified Exact Multiple Pattern Matching
using Pair Indexing, the EPMSPP optimized
by a Genetic Algorithm (GA). The proposed
solution was tested, in two case studies, with
real data from the S&P500 index and
produced interesting results regarding the
discover of well-known trading patterns with
the specific sectors of the S&P500.
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1. INTRODUCTION
In the last few decades, the computational
finance research domain has been increased
with several scientific articles published by
people from both finance and computer
science.
The main purpose in the computational
finance research field is to define highly
profitable strategies with less risk of
investment. To achieve this goal, researchers
use the same tools traders use to analyse the
large amounts of data produced by a stock
market and the companies that belong to that
particular stock market.

Chart patterns are commonly accepted by
technical traders to be a useful tool to make a
good investment decision. Essentially these
analysts try to identify known patterns
formations in past events to forecast future
market trends. Pattern identification is a hard
task for the analysts, because patterns in a
financial time series are not like the ones that
you see in books[1]. The visual identification of
those patterns is largely susceptible to mistakes
as a result of noisy and bad pattern formations
in real world financial time series. Some
techniques like the Matrix Template Pattern
Recognition[2]–[4] and the Perceptually
Important Points[5], [6], have appeared in the
last few years in order to match financial
patterns to complement traders’ investment
strategies
The main driving force to develop these
techniques is to detect those kind of patterns,
despite of the noisy and bad formations patterns
that were mentioned before, and identify the
market trend in order to create appropriate
investment strategies, i.e. strategies with low
risk and high returns.
In this research, a new trading algorithm is
presented. This research combines the SAX
representation[7] with an adapted Exact
Multiple Pattern Matching algorithm, the
EPMSPP[8], which allows an efficient and
accurate pattern searching method, and a
Genetic Algorithm[9] approach for identify
which pattern is more suitable for the market
and therefore to optimize the investment
strategies created.
This paper is organized as follows, in
section 2 some related word is presented, in
section 3 is presented the EPMSPP method, in
section 4 the proposed solution is described, in
section 5 it is described the results of this
research, in section 6 it is presented the
conclusion of this research and in section 7
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some future work regarding this method are
presented.

2. RELATED WORK
In a graphical representation of a financial time
series, it is possible to draw a parallel between
the graphical formations on the chart and the
ones that are established to be the most
relevant[1]. These formations are caused by
repeated actions of investors that, in past
similar market conditions took the same
strategy. So, by looking at these patterns, it is
possible to predict a possible evolution of the
financial time series. Typically patterns are
divided in two major categories, the
Continuation Patterns and the Reversal
Patterns, accordingly with [10].
In the last few years, several researches were
made (Table 1) with the purpose of not only to
identify well-known trading patterns but also
on creating suitable investment strategies in
order to forecasting the future of financial
markets. Many of the studies use a Genetic
Algorithm (GA) as optimization tools and the
use of that approach provides good results in
financial market environment.
In order to create an efficient and accurate
method of search patterns in time series, the
main challenge is to reduce the high data
dimensionality presented in a financial time
series. Many dimensionality reduction methods
were proposed for an effective representation of
the data, being the most common the Discrete
Fourier Transform (DFT)[11], the Perceptually
Important Points (PIP)[5] and the Piecewise
Aggregate Approximation (PAA)[12]. More
recently, some studies start using other method
to reduce the data dimensionality, the SAX

method. This approach is based on the PAA
method, which basically consists in, divide the
time series in equal size segments, then reduces
each segment to his arithmetic mean and this
new value will represent the segment and will
allow a dimensionality reduction of the time
series. After the reduction takes place, SAX
will perform an additional step in PAA, where
the value obtain in each segment is now
discretized to a symbol. In order to find
patterns, the SAX sequences must be compared
with each other in order to evaluate the
similarity between them.

3. EPMSPP METHOD
EPMSPP is an algorithm developed to deal
with the exact multiple pattern matching
problem and is used in DNA pattern searching
and since the DNA representation is a string,
the algorithm will search patterns in the
sequence like in a text.
It starts by scanning both text and pattern
and instead of storing the index of each
character in both sequences, the algorithm
stores the index of each pair of characters, Fig.
1, and this will reduce the number of
comparisons.

Table 1 - Algorithms Results

Fig. 1. Pair Indexing
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In order to keep this pre-processed
information, the algorithm builds four
structures, two for each sequence, to store the
indexes of the pairs, as well as the number of
occurrences of each pair. The structures are:
• Stab[p][n], a table used to store the
indexes of the possible pairs in the
sequence.
• Sidx[p], an array used to count the
occurrences of each pair in the
sequence.
• Ptab[p][m], a table with similar
function to the Stab, used to store the
indexes of the pattern.
• Pidx[p], used to count the occurrences
of each pair in the pattern, similar to
Sidx.
Where p is the number of possible pairs in
the alphabet, in this case p is equal to 16,
because the DNA alphabet has only four letters
(A, C, G, T), n is the length of the text and m is
the length of the pattern.
After the pre-processing stage is
completed, the algorithm will, essentially,
proceed like this:
1. Select the pair from the pattern which
occurs the least number of times in the
text, pi.
2. Store the first index of that pair in the
pattern in a variable, for instance diff.
3. Iterate over the indexes of pi in the text, in
an ascending order.
For each pi index:
3.1. Compute the difference between the
index of pi and diff, for instance init. This
step has the purpose of align the pattern
with the substring of the text, to know
where the algorithm will start the
comparisons.
3.2. Iterate in a descending order of
occurrences each pair in the pattern. This
will increase the chances of a mismatch
and
therefore
avoiding
useless
comparisons.
For each index of the pair
3.2.1. Compute the sum between the index
and init. The result shows the index in
the text where to perform the
comparison between the pair of the
pattern and the pair of the text.
3.2.2. Compare the two pairs, if the pair
matches, the algorithm will move to

the next index of the pair, otherwise
the algorithm will move to the next
index of pi.
3.3. If all pairs of the pattern match, the
algorithm will move to next index of pi.
4. When all the indexes of pi are processed, the
algorithm ends
The example presented below, illustrates
better the mechanism of the algorithm. In Fig.
2 it is represented the sequence S, the pattern P

Fig. 2. Structures of the Sequence S and the Pattern P

and its structures, respectively.
The algorithm starts by choosing the pair from
the pattern that occurs the least number of times
in the sequence. In this case, AC. Next, it
compares with the sequence in the first eligible
index, in this case it is 4. As can be seen in Fig.
3, the pair doesn’t match

Fig. 4. Step 1 of the EPMSPP - The pair doesn't match

After that, the algorithm moves for the next
index of AC, in this case it is the 16 index, and
now the pairs match. This step is represented in
Fig. 4 a). As the pair matches, the algorithm
continues until all the pairs of the pattern
a)

b)

c)
Fig. 3. Step 2(a), 3(b) and 4(c) of the EPMSPP - Pattern founded
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matches, Fig. 4 b) and Fig. 4 c).

4. PROPOSED SOLUTION
The goal of this study is to develop a new
algorithm capable of identify well-known
trading patterns, like the Head and Shoulders
pattern, in financial time series and make
appropriate investments strategies in the
presence of those patterns. This research will
only focus on the identification of reversal
trading patterns, because those type of patterns
usually indicates that the actual market trend
will change and therefore a new trend will
begin. This solution is mainly based on two
methodologies, the SAX method and the
EPMSPP method. A GA approach was also
used to optimize all the parameters of the
trading algorithm in order to create suitable
investment strategies

method, this algorithm was adapted in order to
find trading patterns in a financial time series.
In order to successfully use this algorithm
in a stock market environment, the algorithm
must be adjusted to search for inexact patterns
instead of exact patterns, as it was originally
developed. This adjustment is applied because
when similar time series suffer discretization
they can originate different symbols, and by
applying an exact pattern matching algorithm,
the algorithm will not recognize them as
similar. As an example, if a wanted pattern
appears in a financial time series but, due some
external market phenomena, it appears a bit
noisy, a discretization of it could originate a
different symbolic representation than the
template representation and by applying an
exact pattern method the pattern will not be
identified and it will be discarded, as it can be
seen in Fig. 5.

1. Sax Representation
Since the data dimension of a financial time
series is too high, the analysis of such data will
be very expensive in time and in computational
resources. So, in order to develop an efficient
pattern discovery algorithm, the SAX
methodology was used to reduce the
dimensionality of the time series.
SAX stands for Symbolic Aggregate
Approximation and it is based on the Piecewise
Aggregate Approximation (PAA). In a nutshell,
after the normalization of the time series, SAX
divides the time series in equal size segments
and calculates the arithmetic mean of each
segment, then using the mean value assigns a
symbol to the segment. Then, in order to find
patterns, the algorithm compares the similarity
with others SAX sequences.
In this research, the SAX method was only
used to convert the financial time series. To find
patterns was used an improved version of
EPMSPP algorithm.
2.

EPMSPP Enhanced Version

In section 3, was described in detail an
algorithm that search for exact patterns in DNA
sequences and since the DNA is commonly
represented as a string of characters, this
algorithm search for patterns like in a text. So,
using the symbolic representation of the SAX

SAX

SAX

Fig. 5. SAX representation of a clean Head and Shoulders
and a SAX representation of a noisy Head and Shoulders

The idea behind the adjustment is the
ASCII distance between characters, i.e. given a
certain distance threshold, the algorithm can
identify similar characters. As an example, the
ASCII value of B is 66 and the ASCII value of
C is 67, if the distance threshold is 1, the
algorithm will recognize B and C as similar. So,
in Fig. 5 with this modification the pattern is
identified.
With this modification, the main
differences regarding the original approach are,
when the algorithm iterates over the pairs that
occurred the least number of times in the text
(step 3) and when the algorithm compares the
pair in the sequence with the pair in pattern
(step 3.2.2).
In this new approach, the algorithm instead
of looking only for the pairs that belongs to the
pattern in the sequence, it seeks for every pairs
that are reachable over a certain ASCII distance
and, when the comparison takes place between
the two pairs (the pair in the sequence with the
pair in the pattern), instead of comparing the
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pair in the sequence with only the pair present
in the pattern, it compares with a set of pairs,
that are generated based on the ASCII distance
previously defined. The figure presented
bellow illustrates better this modification.
In the Fig. 6 is illustrated how the algorithm
will behave when the pairs don’t match but they
are reachable over a certain distance. In this
case, the distance threshold defined was 1, so in
Fig 33, instead of comparing only with AC, the
algorithm compares with all the pairs nearby, in
this case (AD, AB, AC, BD, BB, BC).

•

By pattern – When the algorithm identifies
this pattern, generates a selling order and
collects the earnings from the investment.

In Fig. 7 the three exit methods of the
trading algorithm are represented.

Fig. 6. The three exit methods

Fig. 7. Matching inexact pattern by comparing with pairs
nearby

If the threshold distance specified is 0, this
new version will behave like the original
approach.
3.

•

Genetic Algorithm (GA)

To create and optimize the investment rules
parameters, a Genetic Algorithm (GA)
approach was used. The chromosome used to
create the GA population is represented below,
in Fig. 8.

Investment Strategies

The purpose of this research was not only
to identify well-known financial patterns but
also to create suitable investment strategies
based on those patterns.
The trading algorithm starts by obtaining
stock historical prices then, for analysing the
financial time series, the algorithms divides the
series in smaller segments, a method called
sliding window technique. Next, for each
segment it is applied the SAX discretization
method and then, using the enhanced version of
the EPMSPP method, the algorithm will search
for the pattern which will generate a buying
order. After that, the trading algorithm
generates a selling order based on three
different methods:
•

4.

By price – When the actual earning of the
investment is below a previously defined
limit. In this exit method, it is defined a
Stop Loss percentage.
By time – It is defined a variable number
of days until the sell order is generated. In
this exit method, it is defined a Holding
variable.

Fig. 8. Chromosome used in the Genetic Algorithm

The chromosome used has seven genes, the
first two genes are related with the SAX
representation method, the next one is related
with the new EPMSPP method, the next two are
the patterns that will trigger the buy and sell
operations, respectively, the next one is the
holding variable, and the last one is the stop loss
limit . These genes will be detailed next:
• WindowSize – represents the size of the
sliding window that is used to divide the
financial time series in smaller segments,
in order to search for patterns with
different lengths.
• WordSize – defines the length of the SAX
symbolic representation.
• Flex – indicates the distance threshold
used in the enhanced version of the
EPMSPP.
• inPattern – indicates which is the pattern
that triggers a buying order.
• outPattern – similar to the previous gene,
this indicates which pattern triggers a
selling operation.

6
•
•

HoldTime – represents the maximum
number of days that a buying operation is
maintained before a sell order is issued.
StopLoss – represents the limit the losses
of a trading operation, if the actual earning
of a trading operation is below this limit,
the operation is immediately closed. This
value range between 5 and 15 %.

Each chromosome represents a different
investment strategy used by the trading
algorithm. In order to optimize the investments
strategies created by the GA, each chromosome
is evaluated by a fitness function. This fitness
function is based on the Return On Investment
(ROI) and it is represented below:
ROI % =

(Gain from Investment-Cost of Investement)
X 100
Cost of Investment

The Return On Investment is a metric used
by investors to evaluate the success of the
investment. It measures the amount of return of
an investment according with the cost of it, that
return could be a positive return or a negative
return.
The trading algorithm starts by dividing the
historical prices time series of a specific
company in smaller series using the
WindowSize value, then using the WordSize, it
is obtained the symbolic representation from
SAX. After that, both patterns ID are fetched
from the template database and each one is
discretized via SAX using the WordSize
parameter.
After
all
the
symbolic
representations are completed, they are used by
the pattern search method in order to find the
inPattern in the price series, in order to do an
investment. After the investment operation is
performed, the price window is shifted and all
the steps behind are executed again.
If the inPattern is found, a buying operation
is triggered and an investment is executed. The
number of shares obtained in the investment is
determined by a division between the total
amount of money invested and the price of each
share. At any time, a sell order could be issued
if one of the exit methods is achieved, i.e. if the
HoldTime variable is reached, if the actual
earning is below the StopLoss limit or if the
outPattern is found by the implemented
searching method.
After evaluating all the chromosomes in all
stocks companies, a new population is created
using the best chromosomes of the last

population and the ones resulting from the
crossover operation. The selection process used
in the GA is a uniform ranking selection to the
best half of the population combined with 5%
elitism selection[13]. The crossover operation
is done using a two-point crossover and the
mutation rate used is 10%, because in other
studies was achieved good results using this
mutation rate. Finally, the process, that was
described, is repeated with the new population
until the maximum number of generation is
reached or if the maximum fitness value has no
improvements in successive generations. In
order to maintain variability between
generations, the chromosomes with equal
parameters are excluded from the next
population and are replaced with newly random
chromosomes.

5. RESULTS
In this section two case studies are presented,
both were tested with 503 stocks of the S&P500
index. The algorithm was subjected to real
market conditions by using the close prices of
the stocks. The prices were obtained in Yahoo
Finance platform from 2010 to 2016, which is
a period defined as a bull market, specially
between 2012 and 2014 where the prices have
little fluctuations
1. Case Study 1
The objective of this case study was to apply
the best investment strategy to all stocks of all
sectors of the S&P 500 index. The strategies
were trained in a two-year period and the best
one was applied in the next year, in order to
assure that the best strategy doesn’t know how
the market will behave in that particular year.
The testing period is between 2012 and 2016
and it will only start when each year of the
testing period has already a defined strategy.
So, all the trading operations performed during
that period were closed by one of the three exit
methods defined, thus increasing the likelihood
of close the trading operation by pattern. If an
operation is only closed in the next year, the
strategy of the previous year will no longer
available on that year.
The GA parameters used were an initial
population of 120 individuals, 30 generations
as the maximum number of generations and if,
during the evolution, the genetic algorithm
doesn’t improve the best solution for a
maximum of three consecutive generations, the
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evolution will terminate. The chromosome used
was the one represented in Fig. 8.
The results are represented in Table 2. The
average ROI of this approach is compared with
the Buy & Hold strategy.
As can be seen in Table 2, the average
return in each year was lower than the return of
the Buy & Hold strategy.

As can be stated, in this sector, this
approach performs better than the Buy and
Hold, in 2012 (-8,11% vs -15,28%), in 2013
(3,62% vs -0,80%) and in 2015 (-13,18% vs 21,87%).
During the testing period of 2015, one of
the best results was obtained in the Industrials
sector, in the Southwest Airlines Co. (LUV)
company. In Fig. 9 is represented the operation.
The algorithm founds a Double Bottom at 2407-2015 and issues a buy decision and after 59
days triggers a sell decision. The exit method
was by time, like in the previous example. The
ROI of this operation was of 10,92%.

Table 2 - Average Returns from 2012 to 2016

In Table 3 is represented the average return
of this approach versus the return of the Buy &
Hold strategy of the Industrials sector. As can
be seen, the SAX/EPMSPP approach, has a
better performance than the Buy and Hold
strategy for the year of 2012 with 14,7% vs
8,89% and for the year of 2015 with 10,92% vs
-2,98%.

Table 3 - Average Returns from 2012 to 2016 for the
Industrials sector

The results obtained in this case study for
the sector of Information Technology are
represented in Table 4.

Fig. 9. Trading operation from LUV

2. Case Study 2
The objective of this case study was to apply a
different investment strategy to each sector,
unlike the previous case study where all the
sectors had the same investment strategy. The
difference between the training conditions of
this case study and the previous one is that, in
this one the strategies were trained only in a
specific sector instead, like in the previous, that
the strategies were trained for all the sectors in
simultaneous.
The GA parameters of this case study are
the same as in the previous case study.
The performance of both strategies, for the
Industrials sector, is represented below, Table
5.

Table 4 - Average Returns from 2012 to 2016 for the
Industrials sector
Table 5 - Average Returns from 2012 to 2016 for the
Information Technology sector
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As can stated, in Table 5, the B&H
approach had better results in every year of the
testing period.
In Table 6 is represented the return of both
strategies, for the period between 2012 and
2016 for the Information Technology sector.

Fig. 10. Trading operation of C

Table 6 - Average Returns from 2012 to 2016 for the
Information Technology sector

As can be seen in Table 6, in the year of
2012 the SAX/EPMSPP strategy had an
outstanding result when compared with the
B&H strategy, with 12,34 % vs -4,12%.
In the Table 7 are represented the average
of returns of each year, for both strategies, from
all the sectors.

During the testing period of 2016, one of
the best results was obtained in the Information
Technology sector, in the QUALCOMM
Incorporated company. In the Fig. P is
illustrated the trading operation performed. The
algorithm founds a Triple Top at 15-07-2016
and triggers a buy decision and after 102 days
(08-12-2016) it issued a sell decision. In this
case, the exit method was by time. This
operation had a return on investment of 24,12
%.

Fig. 11. Trading operation of QCOM

6. CONCLUSION
Table 7 - Average Returns from 2012 to 2016

During the testing period of 2012, one of
the best results was obtained in the Financial
sector, in the Citigroup Inc. (C) company. In the
Fig. 10 is illustrated the trading operation
performed. The algorithm founds a Double
Bottom at 21-08-2012 and triggers a buy
decision and after 98 days (2013-01-14) it
issued a sell decision. In this case, the exit
method was by time. This operation had a
return on investment of 31,84 %.

The approach described in this study, shows a
new trading algorithm to search for well-known
patterns, like the Double Top or the Double
Bottom pattern, in financial time series and to
perform suitable investment strategies in the
presence of those patterns. This new algorithm
was based in two main ideas, the SAX
representation, allowing a discrete and simple
representation of the financial time series and
an algorithm that was initial developed to deal
with exact pattern matching in DNA sequences.
This pattern searching algorithm was adjusted
to deal with inexact patterns because, in reallife financial time series, the patterns are not as
clean as the ones described in books. The
combined used of these two ideas, showed a
flexible and accurate pattern searching method,
thus allowing the identification of trading
patterns. In this new trading algorithm, was also
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used a GA approach to optimize the investment
strategies, in order to select the best ones to
apply in the stock market.
The new trading algorithm was tested with
real data from S&P500 index for the period of
2010-2016, which is defined as bull market i.e.,
a market characterized by the rapidly increase
of the prices over time. This solution was
compared with the Buy & Hold strategy in both
case studies. The results did not outperform the
Buy & Hold strategy but shows interesting
results in the case study nº 2, when the
investment strategies used are defined,
considering, the intrinsic behaviour of each
sector. The substantial increase of trading
operations regarding the case study nº 1, allows
to conclude that the presence of well-known
patterns is specific to a sector and not to the all
market.

[3]

[4]

[5]

[6]

7. FUTURE WORK
Some ideas to future work on this approach, in
order to improve its performance are:

[7]

•
Implement the short operation, in order
to perform on bearish trend markets.
•
Implement the Take Profit limit, in
order to avoid the loss of important gains.
•
Study a hybrid solution between the
solutions found in the literature, such as the
SAX-GA[14] approach and SIR/GA[15]
approach, that search for recurrent patterns in
financials time series, thus allowing to learn the
patterns that occur in a specific period with this
new approach that only search for well-known
patterns, like the Head and Shoulders, in
financial time series.
•
Include several technical indicators,
like the OBV, MACD, etc. to support the
investment decision.

[8]

[9]
[10]

[11]

[12]
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