
 1 

 

Abstract—The following document describes the evolution of a 

system that allows pattern detection in stock markets. The time 

series will be translated into a symbolic representation composed 

by a letter and a number. The letter will represent the average of 

a given segment (Symbolic Aggregate approXimation – SAX) and 

the number its trend (Shape Description Alphabet – SDA).  Using 

a sliding window it is possible to have an efficient way of 

manipulating the data without losing the main characteristics of 

the original series. Using a genetic algorithm, the application 

should generate buy and sell signals in order to maximize return. 

Genes are mainly related with the reduced representation and 

with exit criteria. With a profitability of 84.37% this 

configuration outperformed a random strategy (-17.33%), the 

Buy-and-Hold (81.72%) and the original SAX method (80.41%). 

With a volatility measure, the standard deviation, the present 

approach has a slightly better average return – 84.98%. 

 

 
Index Terms—Alphabet, Genetic Algorithm, Pattern, 

Technical Analysis, Trend 

 

I. INTRODUCTION 

In recent years, there has been a large interest in the 

financial area by population in general. Nowadays, due to the 

growing ubiquity of internet, it is possible to use financial 

services anytime and anywhere. Along with reduction in 

transaction costs we have been witnessing not only a gradual 

elimination of barriers to enter the stock market, but also to 

the demystifying of the idea that this type of investment is 

only available to certain types of investors.  

This paper presents a new way to identify graphical 

patterns. These patterns will be present on the price of 

financial assets, more specifically shares of S&P500 index.  

Known for their volatility, it is important to have a tool that 

supports the decision-making of investors, showing them 

relevant information.  

The characteristics of stock markets enable objective studies 

about them, because they use considerable amount of data. 

Some economists [1] even defend the idea that these markets 

anticipate the economy, so this type of application could be 

useful for other types of investments. Studies can be more 

easily compared using specific criteria and a large part of the 

most recent data of companies’ activity is today available 

across multiple platforms. Evolutionary optimization 

techniques also benefit from this, as they may be fed with data 

concerning different circumstances, thus improving their 

performance since they were already facing various scenarios. 

The main goal of this work is to develop a new way to 

identify graphical patterns. The solution will be optimized by 

a genetic algorithm, in order to obtain returns that allow, at 

least, to beat the market. From past data of a particular stock, 

such as its price, and after applying a pattern recognition 

method, the application should generate buy and sell signals 

with the goal of maximizing the financial return.   

This paper is organized as follows: the next section will 

discuss the related work on the stock market analysis, time 

series representations and genetic algorithms. Section III 

explains the proposed algorithm and the investment strategies 

used in this paper. Section IV presents the evaluation metrics 

and discusses the case studies. In section V the conclusions of 

this study are shown. 

II. STATE-OF-THE-ART 

A. Stock market analysis 

Fundamental analysis tries to define a price target through a 

study of financial, economic and market constraints. There 

may be an opportunity for the investor if the target price is 

above the market price. On the other hand, technical analysis, 

which is divided into technical indicators and graphical 

patterns, maintains that the price already incorporates all the 

economic, social or political information, so the investor only 

has to study the price to find favorable occasions to enter the 

market [2]. A technical indicator is a metric whose value is 

calculated from the price / volume of an asset. The goal is for 

the indicator to predict the future price or indicate a trend. In 

regards to graphical analysis, it is then possible to identify 

some similar formations over time. These formations are 

caused by repeated actions by investors when faced with 

similar market conditions. After the recognition is made, it is 

possible to obtain a prevision about the future price direction.  

The main categories of graphic formations are divided into: 

rectangles, triangles, wedges, flags and pennants, tops, 

bottoms and head and shoulders [1].  

 

B. Time series representation 

 Due to time series high dimensionality and continuous 

nature, there’s a need to replace the original numeric data with 

other kind of representation. Given the objective of identifying 

patterns, it is necessary to treat the time series as a whole 

rather than individuals numeric fields. The goal will be to have 

a time series representation in the reduced space, into which 

the original series will be transformed. There are many options 

in the literature: Clipped Data [3, 4, 5, 6], SAX - Symbolic 
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Aggregate approXimation [3, 4] [7, 8], SDA - Shape 

Description Alphabet [9, 10, 11, 12] and finally a method 

based on grids [7] [13, 14, 15] . The SAX method will be 

presented next. 

 The first step of pre-processing is applying standardization - 

figure 1, in order to transform the data, without affecting the 

original shape, and to be able to compare the windows of the 

series. However, the size of the data is still high which brings 

about the problems already outlined. The piecewise aggregate 

approximation method divides the windows into w segments 

of equal size and each segment is now represented by the 

arithmetic mean of the points that constitute it (step 2). 

Finally, it is still necessary to discretize this numerical value to 

a symbol. The range is divided into intervals, and for each one 

a symbol is assigned (step 3). Breakpoints are calculated in 

order to generate equal areas under the curve and equiprobable 

intervals by applying a normal distribution curve in the yy axis 

[9].  

 

 

 
Figure 1 – SAX algorithm 

To perform pattern recognition it is only necessary to 

compare strings. This is a method of easy implementation and 

furthermore allows an approximate search and a significant 

size reduction. 

 To measure the similarity between series using the SAX 

sequences it is possible to use the MINDIST formula, which 

also has the desirable lower-bounding property in relation to 

the euclidean distance. The parameters are as follows: n is the 

number of window points, w the number of segments, Gi the 

value number i of series G transformed by the SAX method 

and the Hi the value number i of series H transformed by the 

SAX method.  

 
MINDIST(GSAX, HSAX) = 

 

Sometimes maximum and minimum points can eventually 

pass in clear in symbolic representation, with no indication of 

trend reversal, since it is based on a method which reduces the 

data by calculating their average of and that does not preserve 

some oscillations. 

In [7], the SAX method is used in conjunction with the 

genetic algorithm for motifs discovery and it can outperform a 

buy-and-hold strategy and a grid-based approach. During the 

test period, the configuration that allowed greater diversity of 

patterns was the following:  window size 17, a word with 

dimension equal to 4 and an alphabet of 13 symbols. 

Another of the analyzed representations was the SDA. The 

first thing to do in this method is to convert the original signal, 

in this case the time series with the evolution of the financial 

asset, in a textual representation. The signal time derivative is 

created by calculating the amplitude difference between two 

adjacent points. Depending on the obtained value it is then 

time to carry out the mapping for a symbol, as illustrated in 

the following table. 

 
Table 1 – Alphabet description 

Symbol Transition Minimum Maximum 

A 
highly 

increasing  
5 - 

U 
slightly 

increasing 
2 4.99 

S stable - 1.99 1.99 

D 
slightly 

decreasing 
- 4.99 - 2 

E 
highly 

decreasing 
- - 5 

 

The fact of having absolute values (minimum and 

maximum columns) has advantages and disadvantages. The 

advantage is that it is possible to perform an approximate 

match. Not only does it obtain that specific pattern but also 

similar patterns. It is a specialized method for shapes 

detection, not considering specific details. It focuses on 

transitions and trends. Factors like price or concrete volume at 

a given time are not so relevant for graphical patterns. The 

downside is that concrete values are assigned to a textual 

description that, given the complexity of financial markets, 

may be considered vague. In the original work it is also 

possible to add an indexing technique for time series using 

signature files. The translation transforms the values into a 

text signal. This string is used as input of a hash function. This 

function will determine the position bits to 1. Therefore, the 

number of bits to 1 will be fixed for each signature, in what is 

known as Superimposed Coding [16]. The generator will slide 

a window along the text, position by position, and for each 

window it maps the string in a given number of bits. Each 

letter will be transformed into zeros and ones and the time 

series in a binary vector. 

 

C. Optimization techniques 

The use of optimization techniques enables the 

learning/optimization from large data sets. In this work the 

goal is to combine investment strategies with smart 

computing. Otherwise it would be a lot more difficult for a 

human to be able to gather and examine information from 

various sources with such a large number of variables. Some 

of the most commonly used techniques (table 2) are genetic 

algorithms [7] [14, 15] [17, 18], neural networks [17] [19, 20], 
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Support Vector Machines [21] and K-Means clustering [22]. 

Decision trees [23] are one of the examples in the 

classification area. 
 
Table 2 – Investment Algorithms 

Table 2 

 
(1) Only in index 

(2) Stocks subset 

 

Genetic algorithms are among the most commonly used 

techniques. As the genetic algorithm evolves, other possible 

solutions are generated. Out of a population of individuals, 

each one of them is a possible solution to the problem in 

question. In each generation, individuals compete among 

themselves in order to be part of the next generation, either 

directly or through offspring. The fittest ones are more likely 

to be chosen for parents in the next generation. 

In the present case each individual will represent an 

investment strategy. The initial population can be random, or 

may include the best known strategies. The new population is 

created in the hope that it will be better than the first. 

Throughout the process there are three types of genetic 

operations: 

Selection - the stage at which the individual genomes are 

chosen from the population for further crossover 

Crossover - represents the reproduction which can be 

observed in biology, manifesting itself when a child retains 

certain characteristics of his parents. That happens so that the 

new cromossomes become better because they have the parts 

of the old cromossomes that are most promising. The 

crossover rate is defined as the frequency at which the 

crossover is performed in a given generation. 

Mutation - used in order to maintain a given genetic 

diversity within a population, by introducing small and 

random changes in chromosomes, for example adding a value  

to a specific gene. 

 

 

 

 

 

 

 

 

 

In [27] a decision support system is presented that uses the 

genetic algorithm and a sliding-window method to find the 

right moment to enter in stock market. The approach used here 

is the following: instead of applying the genetic algorithm to 

select the best combination of rules in order to obtain an 

investment decision, the algorithm works directly on the 

technical indicators. The chromosome is represented by a set 

of bits and each bit pair is associated with one of 12 technical 

indicators. This pair of bits represents the decisions to buy (1) 

or sell (0). The final decision depends on the number of 

technical indicators suggesting a long or short position. 

 

III. METHODOLOGY 

The method chosen to represent the time series was the 

SAX with a modified version inspired by the SDA. The 

optimization technique selected was the genetic algorithm. 

SAX based technique is not efficient at detecting some critical 

points and consequently some trend reversals. It splits the 

series into segments and for each segment generates a symbol 
according to their average. If two segments have the same 

average, on SAX they will be represented by the same symbol, 

even if one contains a maximum and another a minimum 

point. This is where the SDA has proven to be very useful, 

since it identifies the trends in more detail, which are the basis 

of the graphic formations. The SDA will be integrated as 

follows: each segment will be represented, besides the SAX 

Ref Year Heuristic Data Market Period 
Algorithm 

Profitability 

Buy and Hold 

Profitability 

[19] 2000 Neural networks Price 

Madrid Stock 

Market 

(1) 

1966 - 1997 34.7% annually 28% annually 

[24] 2006 
Piecewise aggregate 

approximation 
Price 

Hong Kong HSI 

(1) 
1997 -2007 82%(hit rate) NA 

[7] 2012 SAX + Genetic algorithms Price 
S&P500 

(2) 
2005-2010 62.76% 48.80% 

[7] 2012 Grid + Genetic algorithm Price 
S&P500 

(2) 
2005-2010 50.73% 48.80% 

[25] 2013 Genetic algorithms Price EUR/USD 2012-2013 
5994$ 

% hit 50.75 
-830$ 

[26] 2015 
Genetic Algorithms + 

Technical Indicators 

Price and 

Volume 
KOSPI 200 (South 

Korea index) (1) 

01/1998-

10/1998 
26.4% -19% 
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letter, by one of five numbers representing one of five trends: 

highly increasing transition (value 4), slightly increasing 

transition (3) stable transition (2), slightly decreasing (value 1) 

and highly decreasing transition (value 0). We want to 

perform a more detailed analysis in an attempt to reduce the 

number of false positives. 
Regard the next images. The two following windows would 

have a distance equal to zero in a SAX representation, despite 

the different behaviour evidenced in some segments. The 

window has 61 days with a word of 8 letters and an alphabet 

of 7. 

 

 
Figure 2 – SAX representation 

With the proposed change, differences in segment trends are 

now detected, as can be verified with the assignment of 

different numeric symbols (figure 3). The distance would be 
now greater than zero and equals to 6, since the former is 

computed by performing a simple subtraction between 

segments. 

 

 

    
Figure 3 – SAX+SDA representation 

Regarding the pattern detection mechanism, the 

chromosome should be constituted by factors which influence 

the algorithm’s performance, such as the alphabet’s 

dimension, window size, and similarity distance. A 

normalization by parts will be used, which divides the time 

series in equal windows and performs an independent 

normalization in each one. Thus local similarities are taken 

into account rather than global similarities. The size of this 

window will also be represented by a gene. Its formula 

involves the original value of the series, the mean and standard 
deviation - standard score. The distances are not added simply 

because it is fundamental to preserve the property of lower-

bounding regarding the euclidean distance. 

 

Exit by 

profit 

Exit by 

time 

 

SDA 

Breakpoints 

SDA 

Factor 

SDA 

Distance 

 

Window Alphabet Word 
SAX 

Distance 

Figure 4 – Chromosome example 

The genetic algorithm will generate, for each of the items 

above, a random value within a certain range. In short, for the 

base configuration the genes present in the chromosome are 

the following: 
Window- because the methodology followed is of two years of 

training and one of test, the maximum pattern size will be 3 

months. This will allow time not only for its detection, but 

also so that it can achieve the targets already defined. The 

normalization window will have values between 5 and 60 

days, approximately. 

Alphabet – total number of distinct letters that can be applied. 

Varies between 2 and 20 letters. 

Word - word can only reach half the value of the window, in 

order to provide an acceptable dimensional reduction and a 

more efficient handling, two of the most important factors in 

symbolic representations. Can take values in the range of [3, 
window/2] 

Exit by profit/time – three criteria were established to sell the 

position: profit, time and stop loss. In the initial study, which 

hopes to assess the importance of the market entry/exit 

criteria, these may or may not be considered as genes. After 

detecting the pattern, a short or long entry is performed. 

Regard the next image. After identifying the double pattern, a 

long entry is performed. The exit happens when the price, in 

blue, reaches one of the criteria. In this case, the exit would be 

given by the stop loss, thus meaning a loss to the investor. 

 

 
Figure 5 – Exit criteria 

Position closed 

Position opened Profit 

Stop Loss 

Time Limit 
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  The profit will be a value between 5% and 35%, while the 

exit for reaching the time limit is between 2 to 3 times the size 

of the window. 

Breakpoints SDA - Breakpoints were determined through a 

short analysis of some graphical patterns. Unlike SAX, 

breakpoints in SDA will necessarily be somewhat subjective - 
distinguishing a highly increasing transition from a slightly 

increasing transition will always depend on the criteria used 

by the developer. Therefore, the genetic algorithm is given the 

possibility of making minor adjustments to these values, 

between -5% and 5%. 

SDA Factor – In regard to the "SDA factor" in the example 

above, we seek to respond to the question about the trend 

observed in segments with specific characteristics, such as 

those drawn below. 

 

       

Figure 6 – Trend in specific segments 

If the time derivative is only performed on the left segment, 
the result will always be a neutral trend. This way it would not 

be necessary to calculate the time derivative, it would be 

sufficient to subtract the first to the last point, which would 

save many calculations. However, perhaps it would be 

desirable to consider such a segment as having a downward 

trend, since in its second half the price comes in sharp decline. 

Hence the existence of this gene, whose factor multiplies the 

points in the second half of the segment for a value between 1 

and 1.05, this value being determined by the genetic 

algorithm. Depending on the configuration of the 

chromosome, the segment can thus be classified as having a 
neutral or downward trend. In the right segment, a greater 

multiplicative factor will contribute to a higher probability of 

qualifying as a neutral trend. 

Distance SDA/SAX - the distance also has a maximum value to 

prevent the genetic algorithm from passing many of the initial 

generations with settings where the pattern is always 

recognized, even when it has no similarity with the model, 

thus giving given thousands of orders of buying and selling, a 

strategy doomed to failure. The distance can have a nonzero, 

since the goal is to have an approximate search. The SAX 

distance corresponds to the MINDIST formula referred to in 

previous section and takes a value between zero and word. 
The SDA distance is a simple numeric subtraction and can 

vary between 0 to 2 times the word value. 

 One of many possible configurations could then be the 

following (restrictions on the right side): 
Window        40 days      [5, 60]  

Alphabet     7 letters   [2, 20]   

Word      18 letters           [3, window/2] 

SAX Distance            1     [0, palavra] 

Exit by profit            12%                  [5, 35] 

Exit by time              84 days   [2*window, 3* window] 

SDA Distance           14     [0, word*2] 

SDA Factor              1.01    [1.00, 1.05] 

SDA Breakpoints    2%                 [-5%, 5%] 

 

In the training period, the five best chromosomes to be 

applied in the test period will be obtained. The default 

configuration, which will be used in chapter 4, was the 

following: binary tournament selection; single-point crossover 

with a rate of 80%; rate of elitism – 5%; mutation rate -10%; 

size of the population - 200 individuals; maximum number of 
generations-50; fitness function – average earnings. A strong 

penalty is applied in the training period if the chromosome 

does not have 20 or more trades. 

In one-point crossover the algorithm selects a random 

position in the parent chromosome, dividing it into two. This 

division generates two individuals resulting from the 

combination of father and mother. In tournament selection 

small subsets of the population are chosen at random and the 

one who possesses a higher fitness value is selected. 

 

IV. EXPERIMENTS AND RESULTS 

Three case studies are presented in the following sections. 

In the first one, only the SAX method is subjected to a 

thorough study on the impact of the exit criteria in several 

evaluation metrics. The second introduces the SAX + SDA 

and some chart patterns, in order to compare the performance 

of this new method in relation to the SAX and to strategies 

defended by the Efficient Market Hypothesis and the Random 

Walk. Finally, it developed a method that acts as a filter in the 
choice of stocks, choosing only those which have a standard 

deviation below a certain value, determined by the genetic 

algorithm. 

In order to validate the proposed solution several 

parameters will be used: the annual and total profitability, the 

hit rate, the average return on investment per trade and also 

the average days that go from buying to selling. The return on 

investment (ROI) formula involves the gains (sell price) and 

costs (buy price and comissions) of investments and is 

measured as a percentage.  

 

𝑅𝑂𝐼 (%) =
(𝐺𝑎𝑖𝑛𝑠 − 𝐶𝑜𝑠𝑡𝑠)

𝐶𝑜𝑠𝑡𝑠
 × 100 

 

 The profitability formula contains the average return by 

trade and the average days in market by trade. 

 

𝑃𝑟𝑜𝑓𝑖𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦 (%) =  
𝑇𝑜𝑡𝑎𝑙 𝐷𝑎𝑦𝑠

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐷𝑎𝑦𝑠
 × 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑅𝑂𝐼 

 

A. Case Study I 

The first case study begins by going over the double bottom 
pattern (figure 7). It is a reversal pattern. The stop loss 

mechanism is dynamic, without any parameter at the 

algorithm level. This means that the stop accompanies the 

price increase, remaining unchanged during the descent. Its 

initial value is the minimum of the double bottom. 

 

(2) 

(3) 
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Figure 7 – Double Bottom 

The exit in terms of gains/losses is symmetric with respect 

to the purchase price. During the period between 2010 and 

2014, for each entry in the market the investor earns on 

average 1.14%. Despite the value being positive, it turns out to 

be below expectations, specially taking into account the 

reasonable value for the hit rate. 

 

 
Table 3 – Test 1 result 

Test 
Average 

ROI/trade 
Trades 

Hit 

Rate 

Average 

days/trade 

%Days 

in market 

1 1.14% 342 59% 14 52% 

 

Given the limitations inherent in drawing total number of 

detected patterns, it is important to design and interpret the 

average gain scatter plot, making the necessary separation 

between positive trades (green) and negative (red). Out of ten 

executions the one that approached the average values, in 

terms of average earnings (1.25%) and success rate (58%), 

was chosen. 

 
Figure 8 – Scatter plot test 1 

Positive trades exist in greater number, however the 

magnitude of earnings does not reach very high values. This is 

because the placement of stop loss is too aggressive. As the 

stock market is known for its volatility, the declines will lead 

to a premature exit from the market due to the placement of 

stop that rises too much when trying to keep up with the price. 

The hit rate, as a single metric, says little about the quality 

of the solution, since there is no indication on the extent of 

gains. Before adding more patterns to the study, the need for a 

study about the exit criteria becomes evident, a study which 

seeks to maximize the average earnings. The mere pattern 

detection can prove to be manifestly insufficient. 

A large number of configurations were then tested, with 

symmetric (figure 9) and asymmetric gains/losses, dynamic 

and fixed stop loss, more or less fast on the rise, time limit on 

the market, various profits, specific secondary indicators and 

moving averages. In most of these cases it was the upper limit 

of the value of that gene that had been altered, thus allowing 

more or less freedom for the genetic algorithm.  

 

 
Figure 9 – Symmetric gains/losses 

The three best in relation to average return are presented in 

table 4. 

 
Table 4 – Best results 

Test 
Average 

ROI/trade 
Trades 

Hit 

Rate 

Average 

days/trade 

%Days 

in market 

2 5.58% 501 63% 82 90% 

3 5.43% 634 64% 100 87% 

4 4.99% 447 66% 76 92% 

 

 Changes from base configuration, besides asymmetrical 

gains/losses and fixed stop loss: 

 Test 2 – Profit is now a number between 5% and 50% 

 Test 3 – Exit by time limit is now a number between 

2*window and 5*window 

 Test 4 – Restrictions in double bottom minimum: 2º 

minimum >= 1º minimum with a 3% margin 

 

The results show a great difference in the gains, 

consequence of the different configurations. The top-ranked in 

this set is superior in almost 500% compared to the previous 

settings in table 3, which is quite significant and demonstrates 

the relevance of this assessment. It is clear that it is easier to 

achieve satisfactory results with more time on the market. 

Giving more freedom to the algorithm to remain in a long 

position, until it reaches any of its targets, results in a higher 

gain (figure 10). When there is some volatility, the strategy 

should not include being too reactive, seeking only to 

minimize losses or leave with a small profit  

 
Figure 10 – Test 2 example 
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One of the best chromosomes obtained in test 2 had an 

average return of 9.38% in 2010 with the following 

configurations: window 57 days; word – 25; alphabet – 8; 

profit – 38%; time limit – 120 days; SAX distance - 2. The hit 

rate is 80% and 10 patterns are found. In regards to the 

dynamic stop mechanism, it shows superior performance 

when it is fixed or rises more slowly, thus not causing the 

investor to leave the market so prematurely. Using the 

introduced asymmetry, the genetic algorithm seeks a higher 

profit for each trade, which results in a higher average gain, 

but a slight decrease of the hit rate because the investor is thus 

more exposed to trend reversals. 

 

B. Case Study II 

 

In this section, two more graphical patterns are added to 

double bottom: bull flag and ascending triangle. We choose 

the best three configurations in the previous section. The nine 

configurations (three to each pattern) will be executed 

separately and at the end global statistics are calculated. 

 

 

             

Figure 11 – Double bottom, flag and triangle 

 
Table 5 – SAX results 

Test 
Total 

Profitability 

Average 

ROI/trade 

Average 

days/trade 

SAX 80.41% 5.68% 89 

 

 For each entry in the market the investor had an average 

return of 5.68%, remaining on average 89 days before selling 

its position. The total return is calculated from these two 

values and is 80.41%. The annual return varies depending on 

the study period. 

 
Table 6 – SAX annual statistics 

Year 2010 2011 2012 2013 2014 

Profitability/trade 7% 0.81% 4.48% 10.33% 3.83% 

Average 

Days/trade 
60 87 84 95 104 

Annual 

Profitability 
29.4% 2.35% 13.44% 27.4% 9.3% 

 

We also need to compare these results with the Buy-and-

Hold (B&H) investment strategy, based on the efficiency of 

the markets [28]. B&H is widely used as reference and it is 

only necessary to replicate the S&P500 index. The initial 

quotation of 1132.99 points reaches the 2058.90 by the end of 

the testing period, which represents a total gain of 81.72%. 

 
Table 7 – B&H results 

Year 2010 2011 2012 2013 2014 Total 

Profitability 11% 0% 13.4% 26.39% 12.39% 81.72% 

 

Finally, the random strategy supported by the Random 

Walk Theory that claims that it is impossible to predict the 

future evolutionof any financial asset, since its intrinsic value 

is already reflected on itself. In order to put this method on the 

same level as the previous ones, it was necessary to impose 

some restrictions. The number of trades will equal the SAX 

method. The entry timing is totally random. For leave the 

market is generated a random number between 20 days and 

102 days.  

 
Table 8 – Random strategy 

Year 2010 2011 2012 2013 2014 Total 

Profitability 

/trade 
-2.1% -4.3% -1.4% 1.4% 0.3% -0.77% 

Average 

Days/trade 
57 52 68 42 49 56 

Annual 

profitability 
-9.28% -20.84% -5.19% 8% 1.54% -17.3% 

 

After five years, the final returns are then of 80.41% to the 

SAX, 81.72% to B&H and -17.33% to the random strategy. 

This last result is contrary to Random Walk Theory, which 

states that the price history does not have any influence. 

Without any limit of losses, the algorithm has only profits in 

two of the five years. Regarding the B&H result, it shows a 

highly competitive strategy, beating SAX by 1.31%. One of 

the great advantages of B&H is that the investor is always 

present on the market, saving a significant amount in spending 

on transaction commissions. However, it must be noted that 

the B&H assumes a re-investment of profits as opposed to 

SAX, where for every share it is always invested the same 

value. 

Presented the results, it would now be interesting to see 

what pattern features are preferably chosen by the genetic 

algorithm. For such an implementation we choose one 

execution for each of the nine configurations. 

 
Figure 12 – Word vs Window (SAX) 
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Through the chart above it is possible to conclude that the 

algorithm can get higher returns with larger patterns, near to 

three months. As the gene related to the maximum time in the 

marketplace is dependent on the window size, the higher the 

pattern size, the larger the probabilities of the investor 

remaining more time with open positions. It is therefore 

concluded that the strategy can have more income in the long 

run, confirming the existing difficulty in hitting the short-term. 

Smaller graphic formations are most frequent and require a 

larger number of transactions, resulting in higher spending on 

commissions. 

The results for the SAX+SDA method are presented in a 

similar way, with global and yearly statistics. 

 
Table 9 – SAX+SDA results 

Test 
Total 

Profitability 

Average 

ROI/trade 

Average 

days/trade 

SAX+SDA 84.37% 5.29% 79 

 

 
Table 10 – SAX+SDA annual statistics 

Year 2010 2011 2012 2013 2014 

Profitability/trade 5.32% 0.12% 4.44% 13.45% 3.94% 

Average 

Days/trade 
54 85 73 94 100 

Annual 

Profitability 
24.83% 0.36% 15.33% 36.05% 9.93% 

 

The average days in market/trade decreased by about ten 

days and the average return had a slight decrease, resulting in 

a higher profitability (84.37%) than SAX (80.41%), B&H 

(81.72%) and a random strategy (-17.33 %). In annual terms, 

SAX+SDA wins 3 in 5 years in relation to SAX and 4 in 5 in 

relation to B&H, losing only in 2014. In order to understand in 

more detail the differences to the previous method in choosing 

chromosomes the following chart is displayed. 

 
Figure 13 - Word vs Window (SAX+SDA) 

There is a higher dimensional reduction and a smaller range 

of chromosome configurations in relation to figure 12. This is 

even clearer with the triangles. This increased concentration in 

certain areas of the graph has positive effects. With this new 

method are excluded various patterns that, although respect 

the SAX distance from the gene, end up having major 

differences in terms of trend. What happens to the 

chromosomes with larger window and smaller dimensional 

reduction, which would be located at the top right of the 

graph, is that they no longer have the required minimum 

number of trades (20) in the training period. As this is a factor 

that penalizes the evaluation function, they can not reach the 

first places of the population. These places are now mainly 

occupied by chromosomes with similar size, but fewer letters. 

There is also a small increase of patterns smaller than 30 days. 

When the dimensional reduction is higher (words with 5, 6 

letters), it is necessary for the alphabet to have higher values, 

otherwise the distinction between the various formations 

becomes difficult and a single chromosome can generate 

thousands of transactions. 

Finally, we present some examples of patterns detected by 

the present algorithm: 2 double bottoms, 2 ascending triangles 

and 2 bull flags. We can observe the company symbol on top 

and on the bottom the time period. 

 

 
 

 
 

 

Figure 14 – Pattern examples 

 

C. Case study III 

 

So far, the criteria for the effective recognition of the 

pattern and for the subsequent share acquisition are only 

related to the distance for the supplied template and one or 

another secondary indicator more specific. Provided that these 

conditions are met, the position is open, regardless of what 

occurred earlier. The only exception is when the investor 

already holds a position in that stock, in which case nothing 

happens. Transactions don’t have any risk measure.  In this 

section it will be introduced standard deviation as a volatility 

indicator. 
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In formula 4, Pn corresponds to price at day n and  to price 

average over d days. 

𝜎 =  √
∑  (𝑃𝑛− 𝜇)2

𝑑
 

The period is always equal to the normalization window. If 

it is higher than a certain value (to be decided by the genetic 

algorithm), the purchase is not performed. The goal is thus to 

have a risk factor that conditions the investor's entry, 

preventing the opening of a long position when facing greater 

price fluctuations. The representation used is the SAX + SDA. 

 
Table 11 – Standard deviation - global results 

Test 
Total 

Profitability 

Average 

ROI/trade 

Average 

days/trade 

SAX+SDA 84.98% 5.13% 76 

 

 
Table 12 – Standard deviation - annual statistics 

Year 2010 2011 2012 2013 2014 

Profitability/trade 4.83% 1.41% 5.19% 11.05% 3.76% 

Average 

Days/trade 
53 73 70 94 94 

Annual 

Profitability 
22.97% 4.87% 18.69% 29.62% 10.08% 

 

 

Overall the result is very similar to that resulting from the 

previous run without the aid of the standard deviation, with a 

small gain of about 0.5%. The average return suffers a slight 

decrease, but is counterbalanced by an earlier exit. However, 

the most important advantage will have to do with the greater 

balance seen in annual returns, where there isn’t such a wide 

dispersion of earnings. In the end of 2011 the S&P500 index 

perhaps had its most negative period of those being analyzed. 

Using  standard deviation as a restriction on the purchase of 

shares allowed itself a gain that comes to almost 5%, while the 

variation in the index was zero in 2011. Hence, this solution 

can be one that will display a greater degree of flexibility 

when faced with another type of test outside the 2010-2014 

periods. We may not earn as much as in periods of greater 

euphoria, as in 2013, but on the other hand we may not lose so 

much in financial crises like the one that occurred in the last 

months of 2011. As this solution makes a risk analysis, turns 

out to be more regular. 

 

 

 

 

V. CONCLUSIONS 

Throughout this document the behaviour of a genetic 

algorithm was presented in order to optimize various 

parameters related to the representation of time series and 

market exit criteria on a study that focused on stocks of the 

S&P500 index. The results show that the adjustment made 

with respect to an existing SAX method obtains better results 

than this method, than a passive Buy-and-Hold strategy and as 

well as in relation to a random strategy. A preliminary study 

about exit criteria also demonstrated how important these are, 

with the best configuration achieving an average gain of 

nearly 500% in relation to the initial test. It is not enough to 

effectively recognize the various graphic formations, it is also 

necessary to perform a wider number of more technical tests. 

It is also possible to conclude from the C case, that using a 

volatility indicator, such as the standard deviation, we can 

have a more adaptive algorithm.  
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