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Resumo
Padrões de investimento são tipicamente reconhecidos pelos investidores como
sendo uma ferramenta importante para realizar boas estratégias de investimentos,
mas por vezes a deteção destes padrões é particularmente difícil devido aos
fenómenos externos do mercado. A procura de padrões é uma área que abrange
muitos domínios da investigação. A análise de padrões não é somente realizada no
domínio da computação financeira, mas também é usada em outros domínios como
a bioinformática. Neste estudo, é apresentado um novo algoritmo de investimento que
combina a representação SAX, um método que procura padrões exatos em
sequencias de ADN, o EPMSPP e um Algoritmo Genético como ferramenta de
otimização. A solução proposta foi testada, em dois casos de estudo, com dados reais
do índice financeiro S&P500 e produziu resultados interessantes referentes à
descoberta de padrões financeiros conhecidos com os setores específicos do
S&P500.
Palavras-Chave: Deteção de padrões, Representação SAX, Algoritmo Genético,
Indexação de Pares, Estratégia de Investimento, EPMSPP, Padrões financeiros
conhecidos
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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.
Keywords: Pattern Discover, SAX representation, Genetic Algorithm, Pair Indexing,
Investment Strategy, EPMSPP, Well-known trading patterns
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Chapter 1
1. Introduction
Stock markets are one of the most important subjects in today’s society. This happens
because stock markets move a significant amount of capital, every single day.
In the last few decades, the computational finance research domain has been
increased with several scientific articles[1][2] 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.
The market analysis relies primarily on two categories, the Fundamental
analysis and the Technical analysis. The major difference between these two methods
is how each one evaluates the “real” value of a company, while the first is based on
financial statements issued by the company, the second is based on chart formations
and technical indicators from the price fluctuations in the stock market.
Along with technical indicators[3] (Moving Averages, On-Balance Volume, etc),
chart patterns are commonly accepted by technical traders to be an additional and
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. 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[4][1] 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.

1

Since the stock market is a dynamic environment it is necessary for trading
algorithms to be adapted to different markets conditions in order to find out which are
the best strategies to the actual market. The use of a Genetic Algorithm (GA) approach
is a path chosen by many computational finance researchers[7][8] to optimize the
behaviour of the trading algorithms in the stock market environment.
Pattern analysis is not just used in the computational finance research field. It
is an area that crosses several domains, like bioinformatics or text analysis. As an
example, in the bioinformatics domain, patterns are useful when analysing DNA or
other biological structures searching for anomalies[9].
In this research, a new trading algorithm is presented. This research combines
the SAX representation with an adapted Exact Multiple Pattern Matching algorithm,
the EPMSPP, which allows an efficient and accurate pattern searching method, and a
Genetic Algorithm approach for identify which pattern is more suitable for the market
and therefore to optimize the investment strategies created.
In the chapter 1 is presented the Introduction, in chapter 2 some fundamental
aspects about the financial markets are described, in chapter 3 are presented some
state of the art pattern searching methods and are presented algorithms that already
were tested in the stock exchange. In chapter 4 is presented the system architecture,
in the chapter 5, the results of this solution are described, in the chapter 6 the
conclusions of this approach are presented and in chapter 7 some future work ideas
regarding the solution are presented.

1.1 Research Goals
The main goals of this research were to develop a trading algorithm:
•

Accurate

•

Flexible

•

Capable of identify well-known trading patterns

•

Capable of create suitable investment strategies
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1.2 Main Contributions
The main contributions made in this research are:
•

The creation of a new methodology to identify patterns that combines the
SAX representation and an algorithm originally developed to deal with exact
DNA patterns

•

A successfully modification of the EPMSPP algorithm to deal with inexact
patterns instead of exact patterns

•

The development of a trading algorithm that deals only with well-knows
trading patterns

3
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Chapter 2
2. Financial Markets Analysis
In this chapter, the role of a financial market and how an investor analyses the market
will be presented. Moreover, the two major categories of market analysis,
Fundamental Analysis and Technical Analysis will be described in detail.

2.1. Financial Markets
A financial market[10] is a market where financial assets are traded. A financial asset
is an asset that not depends on a physical property, like a building or a machine but
depends on a contractual claim, such as stocks or bonds.
A financial market is one the cornerstones of an economy because offers a
transparent and centralized system whose goal is bring liquidity to the market
investors. Essentially the market creates liquidity by facilitating interactions between
investors. Without this infrastructure investors would be forced to spend of their own
money to advertise their intention of buy/sell some financial asset and the price agreed
in a private transaction could not be the fairest regarding the intrinsic value of the
financial asset and therefore increasing the cost of transacting. So, in a nutshell, a
financial market has three important economic functions[10]:
•

The price of a financial asset is determined by the interactions between
buyers and sellers

•

Create liquidity, by offering a mechanism for investors trade

•

Reduce the cost of transacting

There are several of financial markets, such as capital markets, where is
included the stocks markets and the bond markets, commodities markets or money
markets. This study will now focus in capital markets, more specifically in stocks
markets.
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2.2. Market Analysis
Market analysis is a process whose objective is to forecast the evolution of a price in
the market in order to create suitable investment strategies, i.e. strategies with low risk
and high returns. There are two very distinct categories of market analysis,
Fundamental Analysis and Technical Analysis. Fundamental Analysis involves the
analysis of all the characteristics of an asset to estimate its value, on the other hand,
technical analysis is a method that only evaluates the price movements in the market.
Even though the methods have very different approaches, the combined use of both
could provide better insights on the correct forecast of the price of an asset.

2.2.1. Fundamental Analysis
Fundamental Analysis[11] has the aim of measure the intrinsic value, i.e. “real” value,
of a company. This type of procedure analyses everything that can affects the value
of a company, such as macroeconomics and microeconomics environments as well
as the financial statements issued by a specific company. The end goal of an analyst
is to determine if a company is undervalued or overvalued in the market and make an
investment decision.
Macroeconomic sees the economy as a whole and the typical macroeconomics
factors analysed are[12]:
•

Gross Domestic Product (GDP)

•

Unemployment Rates

•

Inflation Rates

On the other hand, microeconomics focus on smaller segments of the
economy, like a particular market or sector. So, the most common microeconomics
factors analysed are[13]:
•

Supply and Demand of a specific sector

•

Consumer demand theory

•

Cost of production
6

Fundamental analysts, as it was previously said, also studies financial
statements issued by a company, namely balance sheets, income statements or cash
flow statements and use the information of these statements to compute metrics in
order to get a better perspective of the company health. Some of the metrics used are
presented in [14].

2.2.2. Technical Analysis
Technical analysis is the other type of market analysis. In this market analysis tool,
only the stock prices and volume are considered by the analysts because, in theirs’s
opinion, the analysis of the past stock prices and volume are sufficient to forecast the
market behaviour.
Based on this two values, technical analysts developed a set of indicators to
study more in depth the price movements in order to predict the future market trends.
In addition to these indicators, the analysts also studies pattern formations in the
historical prices. Some of the most utilized technical indicators and chart patterns are
presented next.

2.2.2.1. Technical Indicators
A technical indicator[3] is a metric whose value is derived from the price activity of a
financial asset, i.e. the price itself and the its volume. As it was said, the objective of a
technical indicator is to help forecasting the future price, or simply indicates the price
trend. Some of the most popular are presented in the sections bellow, others can be
found on [15].

Simple Moving Average
A Simple Moving Average (SMA) is one of the technical indicators most widely used
by the technicians. Basically, the SMA represents the mean value of the prices in a
certain time frame.
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The calculation of the SMA is very straight forward, it consists in the sum of all
prices over a certain amount of time, usually in days, and then divide it by the number
of days. Can be used any time frame, but the most common ones are 10, 20, 30, 50,
100 and 200 days. Typically, investors use smaller moving averages (20, 50 days)
when are looking for short-term investments, because those SMAs are more
influenced by the market changes, on the other hand, longer moving averages (100,
200 days) are used when the investors are seeking for long-term investments,
because they have fewer fluctuations.
In Fig. 1 it is represented the price chart of Apple along with a SMA of 20 days
and a SMA of 50 days in the year of 2016. It can be identified that the SMA signal of
20. days reacts faster to the market changes than the 50 days SMA.

Fig. 1. Apple's price chart with 20 and 50 days SMA

This technical indicator is used by the investors as a buying signal when the
price signal crosses the SMA signal in an upward movement, and as a selling signal
when the opposite occurs.

Exponential Moving Average
An Exponential Moving Average (EMA) is a weighted moving average and it is similar
to the SMA, except that the SMA gives the same weight to all data points and the EMA
gives more weight to the recent data points. This type of average reacts faster because
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it is more subjected to recent price changes. Like the SMA, the EMA can be calculated
using any time frame.
The computation of an EMA has three stages, the first one is to calculate the
SMA for a given time frame (the first EMA value is the SMA value itself) (1), then the
weight multiplier is calculated (2) and finally the exponential moving average is
calculated (3). The formula below is for the 20-day EMA, where the Close value is the
price of the stock and the Time Periods used is 20 days.
20 period sum
SMA-20 =
20
Multiplier =

2
(Time Periods - 1)

EMA-20= Close – Previous_EMA-20 x Multiplier + Previous_EMA-20

(1)

(2)

(3)

In Fig. 2 it is exemplified the price chart of Apple with an EMA of 20 days and a
EMA of 50 days. It is possible to observe that both EMAs reacts faster than the SMAs
represented in Fig. 1

Fig. 2. Apple's price chart with 20 and 50 days EMA
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Moving Average Convergence Divergence
Like the others moving averages, the Moving Average Convergence Divergence
(MACD) is a trend-following indicator and its computation is based on the difference
between two EMAs, the 12-day EMA and the 26-day EMA, being that the 26-day EMA
is subtracted from the 12-day EMA. Additionally, a 9-day EMA is plotted on top of the
MACD signal, known as the “signal line”, with the intention of triggering buy and sell
signals.
In Fig. 3 it is represented on the top, the price chart of Apple for the year of
2016 and below the MACD indicator of it.

Fig. 3. Apple's price chart with its MACD indicator

The buy and sell signals could be given when the two signals cross, by the
relationship between the indicator and the financial asset price and by the distance
between the MACD and the zero line. The typical MACD strategies used are discussed
next:
•

A crossing between the MACD and the signal line, when the MACD is rising
is a buy signal

•

A crossing between the MACD and the signal, when the MACD is falling is
a sell signal
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•

If the financial asset price is on an uptrend and the MACD starts to
downtrend, it indicates that the asset is overbought and therefore it is a sell
signal. Moreover, if the MACD signal is well above the zero line it confirms
that the asset is overbought. This is called a negative divergence.

•

If the financial asset price is on a downtrend and the MACD starts to
uptrend, it indicates that the asset is oversold and therefore it is a buy signal.
Moreover, if the MACD signal is well below the zero line it confirms that the
asset is oversold. This is called a positive divergence

Relative Strength Index
The Relative Strength Index (RSI) is an indicator whose value is based on the price
fluctuations of a stock. It basically compares the magnitude of recent gains with the
recent losses and has the purpose of identify if an asset is overbought or oversold.
The RSI indicator oscillates between 0 and 100 and generally it is used 14 days in its
calculation (4). The indicator is calculated as follows:

RSI = 100 -

RS =

100
(1 + RS)

Average Gain over the past X days
Average Loss over the past X days

(4)

(5)
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In Fig. 4 it is represented on the top, the Apple price chart of the year of 2016
and, on the bottom, the RSI indicator of that period.

Fig. 4. Apple's price chart and its 14 days RSI

The two key moments of this indicator are when the RSI value is above 70,
meaning that the asset is overbought and should be sold, and when the RSI value is
below 30, in this case the asset is oversold and should be bought. Furthermore, the
crossing of the RSI signal above or below the 50-value line, for some technicians, is
treated like a buying or selling signal.
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On-Balance Volume
This is an indicator that uses the volume flow to predict price changes. The idea behind
this indicator is that when the volume increases the price of an asset will also
increases, even if the asset has not suffered an immediately significant change on its
price, and vice versa.
On-Balance Volume (OBV), as it was said, uses the price and the volume in
order to forecast price changes and it is calculated as follows:
In the Fig. 5 it is represented the price chart of Apple for the year of 2016 and
below it is represented the OBV signal of that period.

Fig. 5. Apple's price chart with its OBV signal

From the plotted signal could be perceived some market signals:
•

If the OBV has a rising movement it indicates that the market will become
a bullish market even if the prices do not reflect this signal yet.

•

If the OBV is in a downward movement it means that the market will
become a bearish market even if the prices are not falling.

•

If both the price and volume are in an upward movement, this means
that the uptrend movement will be maintained in a near future.
13

•

If both the price and volume are falling, it means that the market will
maintains its downtrend movement.

2.2.2.2. Chart Patterns
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. 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. The
analysts that seek for this pattern formations are known as the Chartists.
The patterns presented below, are divided in two major categories, the
Continuation Patterns and the Reversal Patterns, accordingly with [15].

Continuation Patterns
When this type of pattern appears in a financial time series, usually is a trend
confirmation and the sideways price fluctuation is nothing more than a pause in the
actual trend.

Triangles
There are three patterns in this category, the ascending triangle, the descending
triangle and the symmetrical triangle.
These patterns are usually a market trend confirmation. In the case of the
ascending triangle (Fig. 7) it is an uptrend confirmation and it is more reliable in a
bullish market. On the other hand, the descending triangle (Fig. 6) is a downtrend
confirmation and, like the ascending triangle, it’s more reliable in a bearish market.
Finally, the symmetrical triangles (Fig. 8) are usually characterised as neutral
formations where the breakout of these patterns typically follows the actual trend.

14

Fig. 6. Descending Triangle
Fig. 7. Ascending Triangle

Fig. 8. Symmetrical Triangle

Flags
The flag pattern is characterised for having two distinct periods, a strong rise followed
by a consolidation period. This type of pattern is used very often by traders as a buying
signal, in the case of the bull flag pattern (Fig. 10), or a selling signal, in the case of
the bear flag pattern (Fig. 9).

15

Fig. 10. Bull Flag

Fig. 9. Bear Flag

Reversal Patterns
The reversal patterns, as the name implies, indicates that a trend reversal is occurring.
So, when these types of patterns appear, usually marks the beginning of a new trend.

Head and Shoulders
This pattern is one of the most famous formations and one of the most reliable to mark
a change in the market trend. Below is illustrated the two possible formations of this
pattern, in the Fig. 12 the Head and Shoulders formation and in the Fig. 11 the reverse
formation of it.

Fig. 12. Head and Shoulders

Fig. 11. Inverse Head and Shoulders

16

Tops and Bottoms
This represent a pattern category that is composed by, the Double Top pattern, the
Triple Top and the reverse formations of those. When these patterns appear, they
usually mark a reverse in the actual market trend. In the Fig. 14 it is represented the
Double Top pattern and in the Fig. 13 it is represented the Double Bottom pattern.

Fig. 14. Double Top

Fig. 13. Double Bottom

17

18

Chapter 3
3. State of the Art
In this chapter, it will be presented different techniques for searching patterns.
This chapter has two main sections, one addresses techniques for searching patterns
in a text and the other section addresses techniques for searching patterns in time
series that were used in a financial market environment.

3.1. Non-Financial Pattern Searching Methods
In this section, it will be presented two techniques that search for patterns in
sequence of characters. The first one is the Knuth-Morris-Pratt[16] method and the
second is an Exact Pattern Matching algorithm using a Pair Indexing[9] approach.

3.1.1. Knuth-Morris-Pratt
Searching for patterns in a text could be, at first glance, an easy task. The naive
method is searching in every position of the text and check if the substring obtained
matches the desired pattern. But this approach can be very inefficient if the text
becomes larger.
Knuth-Morris-Pratt[16] is a traditional and efficient algorithm for the exact string
matching problem. Other traditional methods are the Boyer-Moore[17], the RabinKarp[18], among others. This algorithm is composed by two stages: the prefix function
stage, where the pattern in pre-computed, and the string matching stage, where the
pattern is compared with the string.
The prefix function builds a table that contains information about the prefixes of
the pattern with the pattern itself, which will be used in the second stage to make fewer
shifts and to perform a faster string matching. In the second stage the pattern will be
searched in the text. When a mismatch occurs between the text and the pattern, the
use of this table will indicate how many shifts the algorithm could do i.e., this table will
allow to understand how much of the last comparison could be used to avoid the
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comparison of the pattern from the beginning.
An enhanced approach of the KMP algorithm was proposed[19]. This modified
version has the same principles of the KMP, but has two additional modifications that
will produce some reasonable performance improvement.
A Bitwise XOR operation was introduced and this alteration will allow, instead
of comparing character by character, like in the original KMP algorithm, to compare
two characters in a single iteration. The two characters are converted to a binary form
and stored in a buffer with a size of 2 bytes. Then when comparing between the text
and the pattern, a XOR operation is performed between the two characters of the text
and the two characters of the pattern and if they are the same the operation will return
0, or 1 if they mismatch.
The second modification provided is the introduction of an additional loop, an
inner loop, to skip the mismatch characters from the main cycle of the algorithm. This
change will allow the algorithm to reduce the number of iteration of the main loop and
with this, also reduce the running time.
As it was said previously, this procedure has the exact same principles of the
KMP algorithm. It also uses the prefix function of the original method to speed up the
comparisons between the text and the pattern.
After the construction of the prefix table, the algorithm will start the search by
doing a XOR operation with the two first bytes of the pattern i.e., the current and the
next index of the pattern, and the first two bytes of the text and the result of that
operation will produce one of the following decisions:
•

Case 1 – The result of the XOR operation is 0, this means that both characters
match. In the regular use-case, the index of both text and pattern are
incremented twice. Only if the current index of the pattern is two bytes away
from the length of the pattern the algorithm will conclude that the pattern is
matched and will store the location in the output structure, and then the current
index of the pattern is set to 0. In either cases the index of the text is always
incremented twice.

•

Case 2 – The result of the XOR is not 0, but the first character matches. In this
case, the index of the pattern in comparison will be equal to the index of the
pattern in the prefix table. Only if the current index of the pattern is one byte
away from the length of the pattern, the algorithm will conclude that a pattern is
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matched and store the location in the output structure and the current index of
the pattern is set to 0. Since it’s only matched one character, the index of the
text is only incremented in one.
•

Case 3 – The result of the XOR operation is not 0, the current index of the
pattern is not matched and the current index of the pattern is bigger than 0.
When this case appears, only the index of the pattern is updated with the value
in the prefix table, because there could exists valid shifts to avoid undesirable
comparisons.

•

Case 4 -

If none of the above cases are matched, the pattern index in

comparison remains 0 and the pointer that gives the location in the text is
incremented in one unit, until the first two characters match the pattern. The
additional loop, introduced in this algorithm, will be executed until the first
character of the pattern matches the character of the string.
The algorithm will continue to compare the characters until the end of the text,
when it will output the locations of the pattern found in text. If the pattern doesn’t exist
in the text it will output -1.
Analysing the experimental results of this research, the introduction of these
modification produced some interesting results. The use of the XOR modification
allows the comparison of two characters, which reduces the number of iterations in
half (best case scenario) regarding the original algorithm.
However, in the worst case scenario, the algorithm acts like the KMP with same
time complexity Q(m+n), which is divided in two phases, Q(m) from the prefix function
and Q(n) from the string matcher function, where n is the length of the text and m is
the length of the pattern.

3.1.2. Exact Multiple Pattern Matching using Pair Indexing
Searching for patterns is an area that crosses different research domains, like finance,
cryptanalysis, biotechnology, among others. The problem in pattern discovery is
determining how similar a candidate subsequence and the pattern are and how often
the candidate pattern occurs, as well as some information that can be gather based
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on its frequency distribution across a sequence[9]. These problems become worse
when considering multiple patterns in a sequence at the same time, a problem called
multiple pattern matching.
EPMSPP[9] 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. Like other algorithms presented in the literature[18][16], this one has also a preprocessing phase. This phase has the purpose of collect information to be used to
optimize the number of comparisons made by the algorithm.
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, and this will reduce the number of comparisons. The figure (Fig. 15) below
clarifies this step.

Fig. 15. Pair Indexing of a Sequence

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.
•

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.
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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
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The example presented below, illustrates better the mechanism of the
algorithm.
In Fig. 16 it is represented the sequence S, the pattern P and its structures,
respectively.
S:
P:

Fig. 16. Structures of the Sequence S and the Pattern P

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. 17, the
pair doesn’t match.

Fig. 17. Step 1 of the EPMSPP - The pair doesn't match
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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. 18 a). As the pair
matches, the algorithm continues until all the pairs of the pattern matches, Fig. 18 b)
and Fig. 18 c).

a)

b)

c)

Fig. 18. Step 2(a), 3(b) and 4(c) of the EPMSPP - Pattern founded

The results obtained in this research[9], when compared with the current state
of the art, show that this algorithm is scalable in terms of pattern and sequence size.
The metric used was the number of comparisons per character (CPC) and
demonstrate that the CPC remains stable for different sizes of patterns and was lower
than the current state of the art methods. One disadvantage regarding this method is
that, since it calculates all the possible pairs given an alphabet, it could become
problematic in terms of memory constraints.
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3.2. Financial Pattern Searching Methods
In this section, it will be presented techniques that reduces the data
dimensionality of time series in order to search for patterns efficiently. The first
methodology presented is the SAX representation, the second is based on the most
relevant points in a time series and the last is based on matrixes.

3.2.1. Symbolic Aggregate Approximation
Typically, searching for patterns in a time series could become a serious challenge
with the increasingly growing of time series. Therefore, it is important to achieve an
efficient and accurate similarity searching method and to accomplish this goal, the
time series should suffer a dimensionality reduction, but without losing important data
on the transformation.
Many dimensionality reduction methods were proposed for an effective
representation of the data, being the most common the Discrete Fourier Transform[20]
and the Piecewise Aggregate Approximation (PAA)[21].
SAX stands for Symbolic Aggregate Approximation and it is a method
developed by Keogh, et al[22] to represent time series data, where the time series are
transformed to a symbolic representation.
This approach is based on the PAA [21] method, which basically consists in,
divide the time series in equal size segments, then reduces each segment to his
arithmetic mean, accordingly with (4), 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. Moreover, this method allows a time series
with an arbitrary length to be reduced to a sequence of characters with an arbitrary
length.

$% =

$− (
)

(6)
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To find patterns in a time series, using this procedure, first the data must be
normalized, according with (6), where the $ represent the points in the time series, (
is the mean of the points in the time series and ) is the standard deviation of the points
in the time series, to assure the validity of the comparisons between time series. After
the normalization, the PAA method is applied to the time series, accordingly with (7),
where w is the number of segments n is the size of time series and $′ is data points in
the time series.

$=

.

/
1
0

(7)

$′
12

/
134 54
0

After PAA, the amplitude of the time series is divided into a intervals, each
interval corresponding to a symbol. For the sake of the method, each symbol must be
assigned with equal probability. To achieve this, and since the data has been
normalized, a Gaussian distribution curve is applied to the vertical axis, which will allow
to determine equal size areas due to the breakpoints of the Gaussian distribution
(Table 1).
The breakpoints can be determined by consulting statistical books[23] or
through the Matlab code available on SAX webpage[24].

a=3

a=4

a=5

a=6

b1

-0.43

-0.67

-0.84

-0.97

b2

0.43

0

-0.25

-0.43

-0.67

0.25

0

0.84

0.43

b3
b4
b5

0.97
Table 1 - Breakpoints for a intervals
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Once the breakpoints are obtained, it will be assigned to each segment a
symbol as illustrated bellow, in Fig. 19.

Fig. 19. Discretization of a time series using SAX

After the application of SAX, the result is a time series transformed in a
sequence of characters. This sequence can now be compared with other SAX
sequences in order to find some wanted patterns. To measure the similarity between
sequences, the SAX authors, use (8) to measure the distance between sequences,
n
MINDIST P,Q =
w

w

(dist p,q )
i=1

2

(8)

where dist()(9) is a function defined by:

0
dist(p,q)= βj-1 - βi
βi-1 - βj

if |i-j| ≤ 1
if i < j - 1
if i < j - 1

(9)

The SAX method has the advantage of being easy to implement and allows to
identify wanted patterns by only comparing strings, but since the method has
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parameters that require some tuning, the wrong choice of these could cause the loss
of important data on the time series.
Another disadvantage found in SAX is the possibility, due to its dimensionality
reduction method, of missing important patterns in some datasets, specifically in
financial time series.
eSAX[25] that stands for extended SAX, is an important variation of SAX for
financial time series. This approach tries to mitigate the problem of losing important
data in SAX, concretely in financial time series, by adding additional information to the
symbolic representation.
Instead of using just one symbol to represent the PAA segment, eSAX uses
three symbols, one for the average value, as in the original SAX method, one for
maximum point and one for the minimum point in the segment. These new symbols
as the purpose of identify important points in the financial time series as, for example,
market trend reversals.
The assignment of symbols in this approach is according with (10):

<s1,s2,s3> =

<smax, smid, smin>
<smin, smid, smax>
<smin, smax, smid>
<smax, smin, smid>
<smid, smax, smin>
<smid, smin, smax>

if pmax<pmid <pmin
if pmin<pmid<pmax
if pmin<pmax<pmid
if pmax<pmin<pmid
if pmid<pmax <pmin
otherwise

(10)

Despite of eSAX mitigate the problem of the original SAX approach i.e., the
potential loss of information in some datasets, the additional information of this method
means more data to handle.
In [7], SAX was used in a stock market environment combined with a Genetic
Algorithm (GA)[26] approach to create and optimize investment strategies based on
the return on investment. The authors of this study, used SAX to discretize the
financial time series and the GA to create and select the best strategies for a specific
period of the market. The strategy used in this study has five parameters, the Distance
to Buy, the Distance to Sell, the Days to Sell, the Measure Type and a trading pattern
with an arbitrary length. The first two parameters determine the distance between the
financial time series and the pattern and allows to make proper buy/sell orders, i.e. if
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the pattern is present then a buy signal should be generated (Distance to Buy) and if
the pattern is no longer present in the time series a sell order is generated (Distance
to Sell). The third parameter defines how long the asset is maintained, also known as,
holding period. The fourth parameter, define which measure should be used to find
patterns in the time series. This approach use two measure types, one is the one
presented in the original SAX approach[22] and the second is based on how far the
symbols are from each other. The results of this study are presented in the Table 2 at
the end of this chapter.
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3.2.2. Perceptually Important Points
This approach is an alternative dimensionality reduction method, this method
represents a time series by a set of points considered the most relevant ones. This
technique was first presented by [27], and the process of identify the most important
points mimics a person when it tries to identify the points that stands out in a time
series.
The identification of Perceptually Important Points (PIP) is simple and it could
be seen in the figure bellow (Fig. 20). The first two PIPs identified are the first and the
last point of the time series, then a line is drawn between those points and it is
calculated which point of the time series is further away from the line. The fourth PIP
is identified by drawing a line between each adjacent PIP and, like in the previous PIP,
calculate the point that is further away from those lines. The process continues until
the PIPs threshold is reached.

Fig. 20. Identification of Perceptually Important Points
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To measure which point is further away from the adjacent PIPs, in [28] are
presented three types of methods:

• Euclidean Distance (ED)
Calculates the sum of distances (11) of the test point p3 to its adjacent PIPs p1
and p2, (Fig. 21)
=> ?@ , ?B , ?4 =

$B − $@

B

− CB − C@

B

+

$4 − $@

B

− C4 − C@

B

(11)

Fig. 21. PIP calculation with ED

• Perpendicular Distance (PD)
Calculates the perpendicular distance (15) between the test point p3 and the
line that connects the PIPs p1 and p2 (Fig. 22).

CB − C4
$B − $4

(12)

$@ + D C@ + D CB − D B $B
1 + DB

(14)

D = EFG?H ?4 , ?B =

$I =

CI = D $I − D $B + CB

K> ?@ , ?I =

$I − $@

(13)

B

+ (CI − C@ )B (15)

Fig. 22. PIP calculation with PD
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• Vertical Distance (VD)
Calculates de VD (17) between p3 and the line connecting the two adjacent
PIPs p1 and p2 (Fig. 23).

CI = C4 + CB − C4

$@ − $4
$B − $4

M> ?@ , ?I = |CI − C@ |

(16)

(17)

Fig. 23. PIP calculation with VD

In order to evaluate the performance of these three measures, 2500 data points
were obtained from the Hong Kong Hang Sang Index (HSI) and was tested the PIP
identification using these three measures. The Vertical Distance measure proved to
be the best measure with the least error among the three and therefore the measure
which best capture the shape of the time series.
After the PIPs identification, the next step is to detect if there is a pattern in this
new data representation. In[6], two very different approaches were used. The first one
is a template-based approach and the other is based on rules.

• Template-Based Pattern-Matching Approach
The shape of the patterns, in the approach is defined visually, the pattern
templates, which allows point-to-point comparisons between the PIPs of the time
series and the PIPs of the template, but before the comparison takes places it is
necessary to normalize the PIPs of the time series to facilitate the comparison between
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different time series. This happens because different time series may have different
amplitudes.
The similarity between two time series is calculated as indicated in (18). The
PIPs similarity measure considers the two distances of a time series, the amplitude
distance (AD) and the temporal distance (TD). The measure also has a coefficient that
denotes the weighing (w1) among the AD and TD and this could be specified by the
users.
> EK, N = -4 × P> EK, N + 1 − -4 × Q>(EK, N)

(18)

The AD between the two time series is calculated through point-to-point direct
comparisons, as indicated in (19) where sp and q are the points in the sequences SP
and Q, respectively, and n is the number of points in the sequences.

P> EK, N =

1
.

.
X=1

(D?X − YX )

2

(19)

The temporal distance is calculated as shown in (20), also through point-topoint comparisons where spt and qt are the points in the sequences SP and Q,
respectively, and n is the number of points in the sequences

Q> EK, N =

1
.−1

.
X=2

(D?\X − Y\X )

2

(20)

• Rule-based Pattern-Matching Approach
In this approach, for each desired pattern is presented a set of rules between
the PIPs that describe the pattern. An advantage of this technique, when compared
with the previous approach, is the ability of defining explicitly the relationship between
the relevant points of a time series. For instance, in the Head and Shoulders, besides
the relevant points that describes the pattern (one point for the head, two points for
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the shoulders and two points for the neckline), the shoulders must be lower than the
head and have a certain degree of amplitude similarity between them. Also, the points
of the neckline, like the shoulders points, must be similar.
For each set of rules was assumed that each pattern is defined by having seven
PIPs, sp1 until sp7. In[6], was defined five set of rules, one for each pattern represented
in Fig. 24.

Fig. 24. Five trading patterns represented by 7 PIPs

For instance, the set of rules that define the Head and Shoulders (Fig. 25) are
the following:
•

Sp4 > Sp2 and Sp6

•

Sp2 > Sp1 and Sp3

•

Sp3 > Sp1

•

Sp5 > Sp7

•

Diff (Sp2, Sp6) < 15%

•

Diff (Sp3, Sp5) < 15%
Fig. 25. Head and Shoulders represented by 7 PIPs

All the rules can be found in [6].
After the rules have been defined, to find patterns in a time series, the time
series must be represented by seven PIPs. Then it is evaluated which rules are fulfilled
by the PIPs, if all of them are fulfilled then a pattern is identified.
The experiment results of both approaches are presented at the end of this
chapter (Table 2), and despite the template-based approach has better results in real
datasets, this last approach shows better results in the identification of well-known
financial patterns like Head and Shoulders, Double Top and Triple Top.
The main advantage in represent a time series by perceptually important points
is the ability of reduce the time series to a small set of points and still preserve its main
features. One of the problems when using this approach is the necessity of both the
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time series and the pattern have the same number of PIPs in order to, in the case of
the template-based approach, perform point-to-point comparisons and in the case of
the rule-based approach, to check if all the PIPs comply with the set of rules.
In this recent research[5] is presented a new methodology that combines the
PIP method, the SAX representation and a GA approach. This methodology has 4
steps. The first one is to divide the time series in smaller segments, then, to each
segment it is applied the Perceptually Important Points algorithm, in order to identified
the most relevant points in the segment. After that, it is defined a set of rules that
describe the relationship between the PIPs. These rules have the purpose of explicitly
classify the price movements between the PIPs. The final step is to represent that
classification using a symbolic representation, using SAX. Each rule identified is
defined in the algorithm as a relation between PIPs.
This research, as it was previously said, also uses a GA approach to create
and optimize investment strategies. The results of this study are presented at the end
of this chapter on Table 2

3.2.3. Matrix Template Pattern Matching
As the name suggests, this method will identify patterns based on a template pattern
approach. In a nutshell, this technique overlays a possible pattern with a pre-defined
template and measure the level of matching between the two. Both the pattern and
the template are represented in a matrix format.
The several works developed by Leigh and his associates[29][30][31] , use a
method based on templates. This method has the aim of detecting an uptrend pattern,
the Bull Flag Pattern (Fig. 10 in Chapter 2) in order to predict a rise in the stock market
prices, and therefore generate appropriated buy signals to obtain high returns when
compared with the typical financial markets returns.
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This approach intents to detect the Bull Flag Pattern. This pattern is
characterised by having a consolidation period followed by a strong rise, named
breakout. In Fig. 26 is illustrated the template used in this approach, where the first
seven columns comprise the consolidation period and the last three columns the
breakout.

Fig. 26. Matrix T - Bull Flag Pattern

As it was said previously, the template is represented in a matrix format. The
Fig. 27 represents a 10 x 10 matrix named “T”, where the value of each cell can range
between -2.5 and +1.0 and the cells with no entries have the value of 0.0. Also, the
sum of all values of each column must be equal to 0.0. To represent the stock market
prices, a matrix named “I” is used, this matrix is a 10 x 10 matrix, like the “T” matrix.
The financial time series that are represented in the matrix “I” can express a variable
number of days (ex: 30, 60, 90, 120, etc), a technique called sliding window.
Before the matrix “I” is created, the financial time series undergo over a noise
reduction by replacing all the prices that exceed the boundary of two standard
deviations related to the mean of the time series by its value. Then the time series is
divided in 10 equal size sections in which each section will be mapped in a column of
the matrix “I”. The value of each cell in the matrix “I” will range between 0.0 and 1.0
and the sum of each column cannot exceed the value of 1.0. Each value is a
percentage based on the number of prices that lays on each cell of the matrix. In Fig.
27, it is possible to observe the creation of the matrix “I” from a 60 day’ time series.
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Fig. 27. Matrix I from a 60 day' Time Series

After the two matrices “I” and “T” are obtained, they are multiplied, according
with (21). This function indicates the level of similarity (fit) between the matrix “T” and
the matrix “I” i.e., the function shows how similar the financial time series and, in this
case, the Bull Flag Pattern are. Hence, a higher result means a higher similarity
between the two series.
4b 4b

(Q ^, ` • a_ (^, `))

]^\_ =

(21)

c24 124

Then it is calculated the height of the time series, as indicated in (22). The
height represents the amplitude of the time series where pmax represents the maximum
price, pmin represents the minimum price and pk the price in day k.

dH^eℎ\_ =

(?ghi − ?gc/ )
?_

(22)

These values, Fit and Height are used to create investment rules. In[31], when
those values are higher than a previous defined threshold it generates a buy signal
followed by a holding period that range between 10 to 80 days. The results of this
study are presented in the Table 2 at the end of this chapter
The use of matrices for represent the template patterns is an advantage
regarding this methodology, because it is visually intuitive to identify a pattern and due
to the large amount of literature about this method it should be easy to implement.
Some disadvantages of this methodology are, due to the size of the matrices it
is hard to represent a complex financial pattern like Head and Shoulders or Double
Bottom without losing important detail in the process, and its lack of detail about the
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procedure used to create the template, thus creating a black-box procedure to the
users. To fix this black-box procedure, in[32] is presented a process of building the
template matrix by mapping the financial pattern to the corresponding matrix cells,
assigning to each cell the value of 1.0 and the unassigned cells are calculated using
a simple mathematical equation that complies with the constraint of the sum of all
values in a column must be equal to 0.
Other disadvantage of this method is associated with the weights assigned to
each cell of the matrix “T” in Leigh method. As shown in Fig. 28, the fit value (6.5) of
the top matrix is lower than the fit value (7.5) of the bottom matrix, by Leigh method
the bottom matrix is more similar with the Bull Flag Pattern however, as it can be seen
the matrix which has the lower fit value is visually more similar with the pattern and
therefore, the unstable fitting process can lead to wrong pattern identification. To solve
this problem a new template was created[4] with new weights. The results of this study
are presented in the Table 2 at the end of this chapter.

Fig. 28. Matrix with fit 6.5 (top) and the Matrix with fit 7.5 (bottom)
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In this study[1], the Matrix Template Pattern Matching was used in combination
with an optimization methodology, a Genetic Algorithm (GA) approach with the goal of
create robust investment strategies. For doing that, several different templates were
used in order to identify different real stock market patterns and therefore to identify
more entry and exit points. The GA was used to optimize parameters like the sliding
window, the noise reduction rate, the threshold value that generate a buy signal,
FitBuy and FitSell which is the threshold that generate a sell signal. The results of this
study are presented in the Table 2 at the end of this chapter.
In[33], a new approach was developed regarding the Bull Flag template to solve
the problem of the unstable fitting assignment, identified in Fig. 28. The template
created is very different than other previous studies, where the template is defined by
a consolidation period followed by a strong rise period and in this study the template
is defined by having a strong rise (first four columns), followed by a consolidation
period (last six columns), as can been seen in Fig. 29.

Fig. 29. Matrix with the new Bull Flag Template

Other difference in this study is the weights assigned in the template. In this
approach only one cell has a positive value (first column, first row), which indicates
where the price of the time series should start in order to obtain a positive fit value.
The cells with a negative weight define the areas where the price should not fall and
the cells with value 0 indicates the areas where the price could pass without affecting
the fit value.
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In this study, a different sell method was adopted. Instead of the traditional
method of selling according the time evolution, i.e. holding period, this study uses a
dynamic exit method, where the exit point is defined by the price evolution, where two
new variables were introduced, Take profit and Stop loss. Those variables will limit the
profit and the loss of each operation, respectively. So, when the price of an asset
reaches to one of the thresholds, the operation is close and the profit is collected.
Typically, the Take profit level is greater than the Stop loss level, in order to maximize
profits and minimize losses. The results of this study are presented in the Table 2 at
the end of this chapter
A recent study[34] combines this approach, the Matrix Template Pattern
Matching with the method described in the previous section, the Perceptually
Important Points approach. This new methodology recognizes a bull-flag pattern from
the training data, using the PIP method. Then, using the Matrix Template Pattern
Matching, it creates two templates, one of the templates is based on chart patterns
and the other is based on technical indicators. The next step of this approach is to
compute a fitting value for each one of the templates with the bull-flag pattern identified
in the first stage of the algorithm. These fitting values are used to define thresholds for
being used in the investment policies in the testing data, i.e. these thresholds are used
to evaluate if there is a bull flag pattern in the test data.

3.2.4. Genetic Algorithm
In the artificial intelligence domain, Genetic Algorithm (GA)[26] is a type of optimization
algorithms that simulate the process of natural evolution. This algorithm is an iterative
process based on the theory of evolution proposed by Charles Darwin in 1858.
Essentially this algorithm will, from a set of possible solutions, select the best ones for
the problem in hands. The GA approach is often used in financial market studies with
the purpose of finding the best investment strategies[7].
Typically, a genetic algorithm demands a genetic representation of the solution
domain and a fitness function to evaluate the solution domain. Each possible solution
is called a chromosome and the set of all the chromosomes available is called
population, and this is the genetic representation of the solution domain. The fitness
function is a mathematical equation that will evaluate each element of the population
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in order to obtain the best solutions in each generation.
As Darwin claims, in a population, the good specimens are the ones that will
reproduce more often and will pass their characteristics from generation to generation,
and to maintain the diversity inside the population, sometimes a new child is born with
new characteristics.
The Genetic Algorithm approach has three genetic operators that consider all
the statements referred:
•

Selection - This operator will select the best chromosomes in each generation,
based on the result of the fitness function, to perform recombination. Selection
is the population improvement operator. After the application of this operator,
the solutions with “lowest” fitness will be deleted from the population.

•

Crossover - This operator will choose the features of two elements i.e., parents,
of the population and combine them. This will generate a new chromosome with
the features of the parents.

•

Mutation - This operator will choose a chromosome from the population and
change it slightly. Mutation creates new chromosomes that are slightly similar
to the previous chromosomes, and sometimes can generate better
chromosomes. The mutation event is based in a probability that is previously
given by the user.

The algorithm will terminate when the stop criteria is reached. The stop criteria
could be defined as, if the solution that is found meets the minimum criteria, if there is
no improvement of the solutions in successive generations, if the maximum number
of generations is reached, among others. The flow chart of this optimization
methodology is presented in the Fig. 30.
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Fig. 30. Flowchart of a generic Genetic Algorithm approach
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Ref

Year

Method

Data

Period

[33]

2015

Bull Flag
w/ Matrix
Template

Stock Price

22/05/2000
–
29/11/2013

[30]

2002

Bull Flag
w/ Matrix
Template

Stock Price

06/08/1980
–
16/01/1998

[1]

2011

Uptrend
pattern w/
Matrix
Template
+ GA

Stock Price

[4]

2007

Bull Flag
w/ Matrix
Template

[6]

2007

[6]

Financial
Market
Dow Jones
Industrial
Average
Index

Algorithm Performance

Buy and Hold Performance

13 %
(Average Return)

N/A

NYSE
Composite
Index

6,24 %
(Average Return)

3,91 %
(Average Return)

1998 – 2010

S&P500
Index

36,92 % (
Total Return)

-4,69 %
(Total Return)

Stock Price

03/04/1985
–
20/03/2004

NASDAQ

4,38 %
(Average Return)

3,27 %
(Average Return)

RulesBased

Stock Price

N/A

Several

2007

PAA

Stock Price

N/A

Several

[6]

2007

TemplateBased

Stock Price

N/A

Several

[5]

2016

SIR + GA

Stock Price

2010 – 2014

S&P500
Index

78,45 %
(Average Return)

61,91 %
(Average Return)

[7]

2013

SAX + GA

Stock Price

1998 – 2010

S&P500
Index

16,28%
(Average Annual Return)

7,79 %
(Average Annual Return)

38 %
(Pattern Identification
Success Rate)
82 %
(Pattern Identification
Success Rate)
96 %
(Pattern Identification
Success Rate)

N/A
N/A
N/A

Table 2 - Results of the studies presented in the Chapter 2
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Chapter 4
4. System Architecture
In this chapter, a new trading algorithm will be presented. 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.

SAX/EPMSPP Approach
This approach is mainly based on two studies from the chapter 2: The SAX
representation for discretize the financial time series[22] and the Exact Multiple
Pattern Matching algorithm for search of trading patterns[9]. Furthermore, to obtain
the desired template patterns, the PIP with rules was also used[6]. Finally, to optimize
all the parameters of the trading algorithm in order to create investment strategies was
used a GA methodology. In this chapter will also be presented the system architecture
as well as its modules.

4.1. 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.
As it was described in section 3.2.1, 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 using (8).
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In this thesis, the SAX method was only used to convert the financial time
series. To find patterns was used an improved version of EPMSPP algorithm, that will
be described next.

4.2. EPMSPP Enhanced Version
In section 3.1.2, 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 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. 31.

SAX

SAX

Fig. 31. SAX representation of a clean Head and Shoulders and a SAX representation of a noisy Head and Shoulders
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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. 31 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 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 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. 32 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 32, instead of comparing only with AC, the algorithm
compares with all the pairs nearby, in this case (AD, AB, AC, BD, BB, BC).

Fig. 32. Matching inexact pattern by comparing with pairs nearby

If the threshold distance specified is 0, this new version will behave like the
original approach.
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4.3. 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 obtain 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:
•

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.

•

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

Some of the trading algorithms parameters were created using a Genetic
Algorithm approach. Those parameters are, the length used in the sliding window
technique (WindowSize), the length of the SAX representation (WordSize), the holding
period (HoldTime), the stop loss limit (StopLoss), the buying order pattern (inPattern),
the selling order pattern (outPattern) and the distance threshold (Flex) used in the new
version of the EPMSPP method. The other parameters are constants previously
defined.
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In Fig. 33 it is represented an exit method of the trading algorithm, in this case,
the exit method when the earnings are below a previously defined limit.

Fig. 33. Exit by Stop Loss limit

In Fig. 34 it is represented other exit method of the algorithm. In this case, the
algorithm triggers a sell order when 40 days have passed since the buying order.

Fig. 34. Exit by Time
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Finally, in the Fig. 35 it is represent the last exit method performed by the
trading algorithm. In this case, the algorithm closes the current operation when the sell
pattern is found.

Fig. 35. Exit by Pattern

4.4. Genetic Algorithm
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. 36.

Fig. 36. 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
percentage. 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. The value of this gene range from 30
to 150 days.
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•

WordSize – defines the length of the SAX symbolic representation. The
gene value is between 4 and 12.

•

Flex – indicates the distance threshold used in the enhanced version of
the EPMSPP. This value range from 0 to 2.

•

inPattern – indicates which is the pattern ID that triggers a buying order.
This value range from 1 to the size of the template patterns database.
Each pattern in the database is identified with an ID.

•

outPattern – similar to the previous gene, this indicates which pattern
ID triggers a selling operation.

•

HoldTime – represents the maximum number of days that a buying
operation is maintained before a sell order is issued. This value range
from 30 to 120 days.

•

StopLoss – represents the limit the losses of a, if the actual earning of
a trading operation is below this limit, the operation is immediately
closed. This value range between 5 and 15 %.

The range of all values used in the genes of the Genetic Algorithm was
experimentally determined.
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) (23) and it is represented below:

ROI % =

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

(23)

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.
In the Fig. 37 it is represented the behaviour of this approach. 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
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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[35]. 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 [1][7]. The behaviour of the genetic operators, except for the
mutation operator, was, like the gene values, experimentally determined. 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.

Fig. 37. Application process
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4.5. System Architecture
The system was designed in a 2-layer architecture to achieve independence between
layers and between the modules of each layer. This was an important requirement
because offers the flexibility of extends the functionalities of the system by adding
more modules to the respective layer. In Fig. 38 is illustrated the system architecture
composed by two layers: The financial data (red modules) and the trading algorithm
(blue modules). Each one of the layers is described in detail next.
The system was entirely developed in Python, which is a multi-paradigm high
level programing language.

Fig. 38. System Architecture

Financial Data
This layer is composed by three important modules, the module that obtain the
historical prices from the companies, the module that creates the pattern templates
used by the Trading Algorithm and the module that stores the stocks historical prices.
The companies used in this research are the ones presented in the Standard
and Poor’s 500 (S&P500). To obtain the historical prices of a financial asset was used
a python library named Pandas, to download the prices information from the Yahoo
Finance platform. The data format obtained was in a Pandas Dataframe format which
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was converted in a Comma Separated Values (CSV) file (Fig. 39) and stored in the
local storage. Each file has the opening price, the closing price, the maximum price,
the minimum price, the adjusted price and the volume for each day of the period
chosen. The tickers of the 500 companies used by Pandas to obtain the historical
prices were obtained in the S&P500 companies Wikipedia article[36]. To obtain the
tickers was used a python library named BeautifullSoup, this library has a method that
allows to search for HTML elements in a webpage and get all the information in those
elements.

Fig. 39. CSV file from Apple’s Stocks

The templates used in this research were developed use an algorithm
presented in the Chapter 2, the Perceptually Important Points algorithm, the rulebased approach. This algorithm was chosen after the initial idea was discarded. The
initial idea was to search for real-life reversal trading patterns, like the Head and
Shoulders, but the number of patterns obtained were low and some of them were full
of noise or with lack of detail, and for that reason this idea was discarded.
The rules used were the ones related with the Head and Shoulders, Double
Top and the Triple Top patterns. The PIPs were randomly generated but taking into
account the rules for each pattern. After that, the points between the PIPs were
randomly generated using the slope between adjacent PIPs. In order to generate the
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Double Bottom and the Inverse Head and Shoulders, it was applied a y-axis rotation
to the data from the Double Top and from the Head and Shoulders, respectively.
Additionally, in order to obtain a cleaner version of the Double Top pattern a new set
rules were developed. These new rules are defined below:
Double Top with 5 PIPs (Fig. 40):
•

Diff(Sp2, Sp4) < 15%

•

Sp2 > Sp1 and Sp3

•

Sp4 > Sp3 and Sp5

Fig. 40. Double Top with 5 PIPs

Trading Algorithm
It is in this layer that the patterns in the financial time series are found and the
investment rules are created and optimized by the GA. The methods described in the
sections 4.1, 4.2, 4.3, 4.4 are performed in this layer, i.e. the SAX representation, the
EPMSPP enhanced version, the investments strategies and the genetic algorithm
approach.
This layer is composed by three modules, the time series representation
module, the pattern searching module and the genetic algorithm module. The first
module was responsible for discretize the financial time series using the SAX
algorithm, as it was described in section 3.2.1. The second module is the module
where the new version of the EPMSPP is implemented. The third module, is the
optimization module, and it is in this module that the investment strategies are created
and optimized by the evolution of the genetic algorithm.
The development of the genetic module was based on a Python framework
named DEAP[37]. This framework provides basic genetic mechanisms to rapidly
develop an evolutionary approach, i.e. DEAP has already implemented in its core the
basic behaviour of the common genetic operators (selection, crossover, mutation).
Moreover, due its modular architecture, DEAP allows to create specific genetic
operators.
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The flow between the Data Layer and the Business Logic layer is presented in
the Fig. 41. The genetic module starts by creating an initial population of potential
investment strategies (chromosome), next each chromosome obtains the stocks data
through the Financial Data layer. Then using the chromosomes gene values the
trading algorithm starts by dividing the time series in smaller segments, where each
segment is represented by a sequence of characters and then the sequence is
analysed by the pattern searching module in order to find the pattern that triggers an
investment decision. After the GA finishes, the best chromosomes are tested in other
period by the same method and the results are serialized using Pickle, another Python
library.

Fig. 41. Flowchart of the Trading Algorithm
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Chapter 5
5. Results
In this chapter, the results of this new approach, the SAX/EPMSPP approach,
described in the previous chapter, are presented. This chapter is divided in two
sections, in the first section the metrics used to evaluate the performance of the
SAX/EPMSPP are described and then in the second section, two case studies are
presented, in order to evaluate the performance of the trading algorithm in different
scenarios.

5.1. Evaluation Metrics
To evaluate the performance of the algorithm, two different metrics were selected:
•

Return On Investment (ROI)

•

Total number of trading operations
As was previously presented, the Return On Investment is a metric widely used

by traders to assess the success of an investment and its formula is presented below
(24):

ROI % =

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

(24)

These two metrics will be used in all the strategies of the trading algorithm. The
ROI will be compared with the ROI of the Buy & Hold strategy. This strategy is
characterized by buying stocks and hold them for a long period of time, for example
one year.
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5.2. Case Studies
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, as can be seen in Fig. 42.

Fig. 42. S&P500 Index for the period of 2010 to 2016

5.2.1. 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
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genetic algorithm doesn’t improve the best solution for a maximum of three
consecutive generations, the evolution will terminate. The chromosome used was the
one represented in Fig. 37. The results are represented in Table 3. The average ROI
of this approach is compared with the Buy & Hold strategy.
Number of

SAX/EPMSPP

Buy & Hold

Operations

Return

Return

2012

8

0,043 %

9,486 %

2013

13

8,030 %

20,786 %

2014

17

-4,967 %

6,163 %

2015

16

-6,817 %

-6,146 %

2016

12

-5,409 %

0,325 %

Total

66

-

-

Year

Table 3 - Average Returns from 2012 to 2016

As can be seen in Table 3, the average return in each year was lower than the
return of the Buy & Hold strategy.
In Table 4 are represented the average return of this approach versus the return
of the Buy & Hold strategy of the Financials sector. As can be seen, the SAX/EPMSPP
strategy performs better than the Buy and Hold strategy for the year of 2016.
Number of

SAX/EPMSPP

Buy & Hold

Operations

Return

Return

2012

1

-4,320 %

28,121 %

2013

1

-1,634 %

22,463 %

2014

2

-10,314 %

-9,782%

2015

1

-9,973 %

-1,147 %

2016

2

2,397 %

-9,467 %

Total

7

-

-

Year

Table 4 - Average Returns from 2012 to 2016 for the Financials sector
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The performance of both strategies, for the Industrials sector is represented in
Table 5.
Number of

SAX/EPMSPP

Buy & Hold

Operations

Return

Return

2012

1

14,680 %

8,889 %

2013

2

18,300%

40,547%

2014

2

-2,788 %

6,938%

2015

1

10,916%

-2,979%

2016

0

-

-

Total

6

-

-

Year

Table 5 - Average Returns from 2012 to 2016 for the Industrials sector

As can be seen in Table 5, the new approach, 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%.
The results obtained in this case study for the sector of Information Technology
are represented in Table 6.
Number of

SAX/EPMSPP

Buy & Hold

Operations

Return

Return

2012

1

-8,111%

-15,281 %

2013

2

3,617%

-0,803%

2014

4

-8,434 %

15,828%

2015

3

-13,178%

-21,867%

2016

2

15,884%

40,851%

Total

12

-

-

Year

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

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%).
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During the testing period of 2012, one of the best results was obtained in the
Industrials sector, in the Robert Half International Inc. company. In the Fig. 43 is
illustrated the trading operation performed. The algorithm founds a Double Bottom at
26-10-2012 and triggers a buy decision and after 44 days (2013-01-03) it issued a sell
decision. In this case, the exit method was by time. This operation had a return on
investment of 14,68 %

Fig. 43. Trading operation of Robert Half International Inc

During the testing period of 2015, one of the best results was obtained in the
Industrials sector, in the Southwest Airlines Co. company. In Fig. 44 is represented
the operation. The algorithm founds a Double Bottom at 24-07-2015 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%.

Fig. 44. Trading operation of Southwest Airlines Co.
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5.2.2. 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.
In Table 7 is represented the comparison between the performance of this new
approach and the performance of the Buy and Hold strategy, for the Financials sector.
Number of

SAX/EPMSPP

Buy & Hold

Operations

Return

Return

2012

18

7,690 %

15,190 %

2013

12

12,612 %

32,104 %

2014

11

4,410 %

4,210 %

2015

24

-5,627 %

-6,912 %

2016

25

23,254 %

25,239 %

Total

90

-

-

Year

Table 7 - Average Returns from 2012 to 2016 for the Financials sector

As can be seen in Table 7, the SAX/EPMSPP approach performs better than
the B&H strategy in the year of 2014 (4,41% vs 4,21%) and in the year of 2015 ( 5,63% vs -6,91%).
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The performance of both strategies, for the Industrials sector, is represented
below, Table 8.
Number of

SAX/EPMSPP

Buy & Hold

Operations

Return

Return

2012

16

-0,496 %

28,088 %

2013

8

8,315 %

14,531 %

2014

11

-6,209 %

-0,374 %

2015

12

-8,404 %

-6,070 %

2016

9

4,740 %

12,660 %

Total

56

-

-

Year

Table 8 - Average Returns from 2012 to 2016 for the Industrials sector

As can stated, in Table 8, the B&H approach had better results in every year of
the testing period.
In Table 9 is represented the return of both strategies, for the period between
2012 and 2016 for the Information Technologies sector.
Number of

SAX/EPMSPP

Buy & Hold

Operations

Return

Return

2012

7

12,341 %

-4,122 %

2013

5

18,673 %

22,058 %

2014

10

-3,132 %

6,498 %

2015

14

-5,531 %

5,939 %

2016

16

-3,032 %

12,731 %

Total

52

-

-

Year

Table 9 - Average Returns from 2012 to 2016 for the Information Technology sector

As can be seen in Table 9, 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%.
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In the Table 10 are represented the average of returns of each year, for both
strategies, from all the sectors.
Number of

SAX/EPMSPP

Buy & Hold

Operations

Return

Return

2012

140

2,370 %

8,879 %

2013

73

3,160 %

10,130 %

2014

175

-0,170 %

3,071 %

2015

129

-7,407 %

-7,400 %

2016

100

-1,560 %

6,303 %

Total

617

-

-

Year

Table 10 - Average Returns from 2012 to 2016

As can be stated in Table 10 the overall performance of the SAX/EPMSPP
approach is worse than the Buy and Hold strategy.
During the testing period of 2012, one of the best results was obtained in the
Financial sector, in the Citigroup Inc. company. In the Fig. 45 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
%.

Fig. 45. Trading operation of Citigroup Inc.

64

During the testing period of 2015, a bad result was obtained in the Financial
sector, in the BlackRock, Inc. company. In Fig. 46 is represented the operation. The
algorithm founds a Double Top at 31-03-2015 and issues a buy decision and after 91
days triggers a sell decision. The exit method was by time, like in the previous
example. The ROI of this operation was of -12,87%

Fig. 46. Trading operation of BlackRock Inc.

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.
47 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. 47. Trading operation of QUALCOMM Incorporated.
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Chapter 6
6. Conclusion
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 real-life 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 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 whole market.
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Chapter 7
7. Future Work
Some ideas to future work on this approach, in order to improve its performance are:
•

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 approach and SIR/GA 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.
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Chapter 8
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