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Abstract 

 
In this work, it is proposed a hybrid system that combines the use of Support Vector Machines with 

Genetic Algorithms to create trading strategies based on the current conditions of the market. This system 

uses a classifier based on the Support Vector Machine to analyze the current trend and select a specific 

trading strategy, previously optimized by a Genetic Algorithm for the corresponding trend. The system 

requires an initial training phase of the classifier, which will then be used to split the data into groups of 

different trends. Each of these groups is optimized separately based on technical analysis rules in order to 
achieve a tailored trading strategy for each type of trend. For this experience, it is used four important 

indexes from distinct countries, namely, the SP500, the DAX, the NIK225 and the IBEX35. The data used 

covers the market data since September 2001 up to September 2018 and the system is tested for each 

year since September 2007. This system is compared against a similar system without the trend 

classification component for evaluation purposes. The results for the three markets suggest a possible 

increase in performance of the strategy optimization method if it is implemented a classifier with the intent 

of strategy segregation. The data generated during the training and testing phase imply that the proposed 

system is capable of generating strategies that better adapt to the present trend. 
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Resumo 

 
 Neste trabalho é proposto um sistema hibrido que combina o uso de Support Vector Machines com 

Algoritmos Genéticos com o objetivo de criar estratégias que se adaptam às condições do mercado. Este 

sistema utiliza um classificador baseado em Support Vector Machine para analisar a tendência de mercado 

atual e selecionar a respetiva estratégia, previamente otimizada. O sistema requer um treino inicial do 

classificador, que será utilizado para separar os vários instantes do mercado em diferentes grupos de 

tendências. Cada um destes grupos é otimizado separadamente com base em indicadores técnicos de 
forma a gerar estratégias compatíveis com o tipo de tendência. Para este projeto são utilizados quatro 

índices de países distintos, nomeadamente, o SP500, o DAX, o NIK225 e o IBEX35. O conjunto de dados 

cobre o mercado desde Setembro de 2001 até Setembro de 2018, sendo que o sistema é testado para 

cada ano a partir de Setembro de 2007. Para efeitos de avaliação, o sistema é implementado de forma a 

possibilitar o uso, ou não, do classificador de tendência de forma a aferir os benefícios do mesmo. Os 

resultados sugerem um potencial aumento dos retornos obtidos com o uso do classificador. Os dados 

obtidos durante o ensaio sugerem que o sistema proposto é capaz de gerar estratégias que melhor se 

adaptam à tendência presente. 
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1  Introduction 
 

In this chapter, a first analysis of the problems tackled by the proposed system are made in section 

1.1, by introducing the challenges related to market analysis and the techniques used to solve and automate 

the process. Section 1.2 emphasizes the main motivations for this thesis, and the section 1.3 highlights the 

goals considered for this work. Lastly, in section 1.4 it is displayed a summary of the remaining chapters.  

  

1.1 Market Analyses Overview 
 

The financial market is a complex system that relies on transactions between buyers and sellers to 
allocate resources. The complexity surrounding the markets arises from the premise that the price of a 

product is dictated by how much someone is willing to pay for it. The job of an investor is to evaluate the 

reward and the risk of a given investment. These evaluations are complex due to the massive amount of 

information, variables and participants, which transform markets into chaotic systems where consistent 

profitability is an arduous task. 

Consequently, the prediction of market trends and the creation of automated trades are hot topics in 

financial markets. There is a long history of Machine Learning (ML) research in this area, starting with 

White’s [1] neural network approach. Before that, statistical methods were the typical approach [2]. 
However, due to the complex non-linear behavior of the markets and the lack of correlation with statistic 

indicators, those approaches proved to be inefficient. 

Currently, the focus is on machine learning techniques. Neural Networks (NN) and Support Vector 

Machines (SVM) are among the most popular methods used due to their superior ability of prediction. There 

are two main types of market examinations when using ML: price regression and trend prediction. Some 

methods were shown to be capable of capture some of the market behavior and trade accordingly. However, 

these systems also exhibit a poor ability of adaptation during drastic market changes. Markets have a highly 

noisy nature, which results on less stable systems to be prone to act on false signals and thus producing 
investment losses. 

This work focuses on the creation of a system composed of a market classifier that is capable of 

distinguish different market conditions, using machine learning techniques and a strategy optimizer. The 

classifications are used to choose different strategies optimized for the respective conditions. Thus 

producing a system that is able of quickly adapt to various environments. There are two main methodologies 

used to analyze the financial markets, namely fundamental analysis and technical analysis. Both methods 

focus on the same task, which is to forecast price directions. However, the approach of the problem is done 
in a different manner. Fundamental analysis prioritizes the cause for the price movement by examining key 

aspects, such as company earnings or macroeconomic indexes. Whereas technical analysis is based purely 

on the time series of price and volume data, discarding the product itself.  
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1.2 Motivation  
 

The main motivation is to create a trading system capable of systematically generate good decisions. 

Contrary to humans, machines are immune to impulsive decisions caused by emotions. Acting upon rational 

decisions is important to achieve consistent profit on the stock market.  

Creating systems capable of consistently adapt to the stock market has revealed to be a difficult task. 

The continuous growth of data like the emergence of new markets is increasing the difficulty of market 

examination without the use of automation. And by association, there is also a problem of extracting relevant 
information from all the available data. 

A common practice when analyzing the evolution of a market asset is to use market indicators [3]. To 

do so, several indicators are computed from the available asset data. These indicators are pointers of 

different market characteristics, but many evaluate the same parameter in a very similar way leading to a 

possible multicollinearity.  

Several systems of trend prediction or strategy optimization for the stock market have been proposed 

to predict and profit from market moves [4]. However, it is common for a system to generate false signals 

due to a temporary deviation of the general trend or even due to unexpected moves that cannot be 
forecasted by the system. These events can result on a series of bad trading moves that can add to vast 

losses. 

Therefore, creating a system capable of analyzing the current market trend in a larger time frame is 

desired. This approach is going to help reduce the susceptibility of trades to local noise and have tailored 

strategies optimized to each of the possible market contexts. 

The selection of indicators to use as inputs for the strategy optimization system is often a problem 

[5]. There is no well-defined method to cope with this task and it is a common difficulty faced by researchers 

in this area. This creates an opportunity to explore different approaches that can give an insight on the most 
relevant set of indicators structures. 

 

1.3  Goals 
 

The main goal of this work is to implement a machine learning solution to make better decisions 

regarding the financial market. The implemented solution should help traders creating strategies that are 

well fitted to market conditions and present comparably high probability of successful trades. 

The efficient market hypothesis [6] is expected to be disputed by creating a system that consistently 

yield good results. With that in mind, it is necessary to identify a method capable of analyzing trend 

movements and a method to optimize trading strategies, with respect to the financial markets. One of the 
most common approaches regarding the strategy optimization is to create an efficient method suited to 

correlate several market indicators with a certain asset price move. The calls performed by the trader are 
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directly connected with the desired correlation. The trader can either buy a certain asset if the model predicts 

an inflation of the asset price, sell if price is expected to decline or hold if there is no strong enough signal 

of an oscillation. 

The objective is to use an adequate ML approach to solve the complex problem of market modulation 

without losing the ability of generalization. More precisely, the goals for this work are: 

• Using price action to analyze market trends; 

• Explore machine learning systems for trend classification; 

• Explore Genetic Algorithm (GA) approach to optimize trading strategies; 

• Explore combination of trend classification with strategy optimization; 

• Use Scala programming language to code a scalable market analyzer; 

 

1.4 Document Structure 
 
The thesis is organized as follows: 

• Chapter 2 presents the required information to understand the core of this thesis. There is 

a theoretical explanation of the fundamentals of Market Analysis, Technical Indicators and 
Machine Learning Algorithms. There is also a revision of the relevant literature in Machine 

Learning applied to Financial Markets. 

• Chapter 3 illustrates the architecture of the proposed solution for a trading system. Explains 

the implementation of each module of the system, namely the Classifier, the Genetic Algorithm 

and the Strategy Simulator, as well as the data set considered. It also details the main functions 

of each module. 

• Chapter 4 presents the different case studies considered and the evaluation 

measurements used in order to test the feasibility of the system. It is also presented and 

analyzed the results obtained in each case study.  

• Chapter 5 outlines the main conclusions derived from the results achieved, taking in 

consideration the assumptions made. 
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2 Related Work and Background 
 

This second chapter presents the essential concepts about Stock Trading, Market Analysis and 

Machine Learning Classifiers. Finally, an extensive scrutiny is presented of the recent literature on several 

approaches using machine learning techniques for the creation of predictions and strategies regarding 

financial markets.  

 

2.1 Background 
 

This sub-section addresses the main ideas behind stock markets and market analysis, and describes 

the fundamentals of machine learning classifiers and genetic algorithms for optimization problems. 

 

2.1.1  Financial Concepts 
 

The stock market is a conglomerate of buyers and sellers that trade representations of ownership on 

companies called stocks or shares. Stocks can be bundle or classified in many ways, but typically, 

categorization is made regarding the country that hosts the company. For example, the United States of 

America has three main stock markets, namely Dow Jones, Nasdaq and SP500. 
The price of stocks is dictated by the interpretation of the buyers and sellers, regarding the available 

information about the companies. When prices tend to go up, the market is classified as a bull market, and 

when prices are in a down trend, the market is classified as a bear market. 

When buying stocks, traders look at stock quotes that gives them the current bid and offer. The bid 

indicates the highest price offered to buy a certain asset and the offer represents the minimum price 

accepted to sell the asset. The difference between these two values represent the spread the can be used 

to measure the liquidity in the market and the transaction cost of the stock. On top of that, there is a 

brokerage fee that might be charged by the entity responsible for the transaction.  
Stop order is a safety mechanism used to automatically create a selling order when a defined price 

threshold is reached. It is commonly used as a stop-loss order to limit the losses on a specific trade, but it 

can also be used to guarantee profits if an investor is unable to monitor the stocks for long periods. 

 A popular method to measure an investment efficiency is by calculating a simple return on 

investment (ROI) as shown in Figure 2.1. 
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Figure 2.1 - Return of investment formula. 

 

2.1.2  Market analysis 
 

Market analysis can be divided in two main approaches. One of the methods consist of studying the 

fundamental reasons that drive price changes and the other focus only on the behavior of the market by 

considering everything else irrelevant for its analysis [7]. However, both try to address the problem of 
forecasting the direction of price movements. 

The fundamentalists study the economic reasons that lead to shifts in supply and demand and thus 

affecting the asset price. The propose is to discover the intrinsic value of the asset and act upon it by buying 

if the resource is undervalued or sell in the opposite case. Strong supporters of fundamental analysis defend 

that this approach is the rational and thus correct method of market reasoning. 

Contrarily, technicians defend that the fundamentals are embed on price action and consequently all 

other possible variables can be ignored. They prove this model superiority by stating that the creation of a 

trend starts before its fundamentals are known and thus an earlier trend signal can be explored. 
Eugene Fama [6] developed a theory stating that stocks always reflect their fair value based on the 

available information. Consequently, outperforming the market is impossible since the prices are never too 

high or too low. The reason for the existence of this theory is due to the intense competition between 

investors that leads to instantaneous price changes when new information is made public. However, this 

theory is very controversial, and researchers have attempted to prove it wrong by beating the market over 

long periods of time. 

 

2.1.2.1  Fundamental analysis 
 

Fundamental analysis is the process of measuring the intrinsic value of an asset by understanding 

the economic forces behind its price movement. This evaluation is done in different ways, depending on the 

type of product being analyzed. If the product is a company, there will be a scrutiny of all its available data, 

as well as a market analysis and an assessment to its competitors. There is also the possibility of evaluating 

the condition of an industry by examining its supply and demand. Or even to evaluate a national economy 

by looking to important economic indicators that correlate to economic growth.  

Since fundamentalists believe that prices usually do not reflect the available information, spotting and 
monetizing price discrepancies is possible. After an estimation of the intrinsic value, a comparison with the 
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current price is made and a trading decision is taken based on the most favorable outcome. Figure 2.2 show 

the derivation of fundamental signals of a company by analyzing data related to its intrinsic value like 

inventory and sales values.  

 

 
Figure 2.2 - Table of FA signals derivation from [9]. 

 

2.1.2.2  Technical analysis 
 

Technical analysis states that the price and volume data of the market has all the information needed 

to predict future price movements. The fundamental principles behind the price oscillations are believed to 

be inherent to the information extracted through TA [8]. 

Technical indicators are commonly used as a tool in technical analysis to anticipate future trends. 

These indicators are calculated from mathematical formulas using volume and candle price data, namely 

open, close, high and low price of the respective asset in a specific time period. Figure 2.3 presents the 
construction of a candle based on the already described price characteristics. 
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Figure 2.3 - Candle construction from [11]. 

 

The indicators display distinct information regarding the behavior of the asset price. Trend indicators, 

such as Moving Average or Moving Average Convergence/Divergence are simple indicators that are among 
the most used indicators. These two create continuous price lines that better describe the present trend by 

ignoring small price oscillations. There are also momentum indicators like the Relative Strength Index that 

represents predictions of possible bounces due to “oversold” or “overbought” situations. Volume indicators, 

like On Balance Volume, are also important to confirm a certain trend since usually there is a volume pattern 

associated. 

There is a great variety of indicators available and new variations keep being developed and back 

tested with the intent of achieving better capabilities of analysis. Achieving good trend predictions using 

technical analysis requires a well thought combination of these indicators. Figure 2.4 presents an example 
of the calculation of popular technical indicators. 
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Figure 2.4 - Technical indicators formulas from [12]. 

 

2.1.3  Support Vector Machine 
 
The Support Vector Machine was first introduced by Vapnik [9] as a new technique to classify data 

into two separate groups through a separating plane. This is done by creating a line that divides the data in 

two parts corresponding to the two label zones. The separation plane is chosen in a way such that the 

margins between the two classes are optimized, as shown in Figure 2.5. Originally, it was developed for 

binary classification only, however it was extended the possibility of using more than two classes by 

combining multiple binary classifications. Sometimes this data is inseparable using a linear plane, and a 
kernel function is needed to perform a non-linear classification. The kernel function will be used to expand 

the inputs into a higher-dimensional features space which allows the creation of an optimal hyperplane that 

creates a decision surface separating both classes. 
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Figure 2.5 - Linear separable classification problem fetched from [14]. 

 

Besides the selection of a suiting kernel for the problem in hand, it is also critical to define the 

parameters of the SVM. One important parameter of this technique is the C parameter that determines the 

model rigidness by tolerating mislabeled classifications and thus possibly producing a better fit. A large 

value of C leads to a high penalty for classification errors, which result in a more complex model that might 

overfit the training data. However, if C is too small, there will be a higher number of training errors which 

can cause a underfitting of the data. Furthermore, there are other parameters that change the operation of 
the kernel like the gamma parameter that defines the level of curvature of the kernel, meaning that a high 

value can cause an overfitting and a small value can constrain the model from capturing the complexity of 

the data. These parameters are difficult to define and often require tuning for the selection of the optimal 

set of parameters. 

 

2.1.4  Genetic Algorithm Optimizer 
 

Genetic algorithms are inspired in biological evolution in order to perform an optimization task. Instead 

of using a simple brute force approach by trying every possible combination of hypotheses, it uses the 

concept of genetic evolution. Although some of the processes in genetic algorithms present a random 
component, this optimization is incomparably more efficient than exhaustive search algorithms.  

All genetic algorithms are composed of a fitness function, a population of individuals with respective 

genomes, a selection rule that pick the most fitted chromosomes, a crossover method that produces new 

individuals and a mutation process. The fitness function is the process by which the algorithm is able to 

evaluate a specific chromosome. This assessment of the individuals that best fit the problem dictate the 

chromosomes used for the crossover and mutation process that output the new generation of individuals. 

One possible disadvantage of the genetic algorithm is the convergence to a local optimum.  
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A solution candidate in an optimization algorithm is a set of parameter values that should respect a 

specific structure where each parameter in that structure has a batch of possible values. This structure is 

known as a chromosome or a genome and each individual in genetic algorithms has its own chromosome. 

Thus, it is necessary to translate the parameters associated with the problem with the structure of the 

chromosome that typically is represented in a binary string. The Figure 2.6 displays a diagram of the genetic 

algorithm process. It starts with an initial population of chromosomes and usually the values of these genes 

are set randomly. The population is evaluated regarding its fitness in relation to the fitness function and the 
selection block uses this evaluation to compute the probability of the chromosome to pass to the next phase, 

dropping with higher probability the less successful, thus filtering the input of the next block. At the crossover 

phase, the chromosomes that managed to get to that part are combine with each other, mixing their genes 

and preserving the genes that are common to their success. After that, the mutation process ensures that 

different zones of the search space keep being explored by defining a probability of each gene to suffer a 

random modification. This step is important since it helps the algorithm avoid being stuck at a local optimum. 

 

 
Figure 2.6 - Genetic Algorithm Diagram. 

 
The performance of the genetic algorithm is highly related with the methods used for the algorithm 

implementation. The first challenge appears with the creation of a fitness function that is capable to 

effectively measure the success of a particular solution. Furthermore, it is necessary to have reasonable 

values for the crossover and mutation rates, as well as a good population size and stopping criteria for the 

algorithm.  
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2.2  State-of-the-Art 
 

This section starts by clarifying the contemplated problem. Then, the second section presents an 

extensive scrutiny of relevant literature related to ML techniques applied to trading systems or simple market 

analysis approaches. 

 

2.2.1  Problem Overview 
 

The end goal of any trader is to maximize his returns. Predicting market price changes, with the best 

accuracy possible, is desired by traders in general. This prediction is fundamentally a pattern recognition 

task. Independently of the theoretical approach, whether using technical analysis, fundamental analysis or 

sentimental analysis, in every one of these cases it is necessary to look for correlations in past data. For 

that reason, in available works there are several important decisions that lead to completely different paths.  
Furthermore, the elaboration of a profitable system does not rest solely on a good trend classifier or 

price regression method. Developing an efficient trading system is essential to take advantage of the 

prediction capabilities of the model by evaluating the entry and exit points that best optimize the ROI.  

The first step is choosing the type of data that will serve as input for the system. The use of 

fundamental analysis can be achieved using financial indicators or reports. Normally, fundamental 

indicators, like a country gross domestic product, have a fixed periodicity associated, however a report is 

harder to interpret as an indicator and it might not have the same well-defined time frequency. On the 

contrary, technical analysis has a simpler approach since the calculation of indicators can be done in any 
time frame, as long as data is properly available.  

The second stage is to create a system capable of correlating the received data with a price move. 

The process of choosing a market analyses technique is vital, and it can be done through a classifier that 

look at trends as classes or by using a regression method to predict future price values or even an 

optimization technique applied to trading strategies. The decision regarding the method used is going to be 

made by analyzing the machine learning techniques used in the literature. 

Finally, an evaluation methodology should be considered to examine the performance of the 

proposed system. A simple approach can be used by simply comparing the ROI of the system in comparison 
with traditional techniques. However, it is also possible to do a study regarding the drawdown of the system 

and even an analysis of the success rate of trades. 
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2.2.2  Related Publications 
 

In the field of forecasting, many ML techniques have been used. Due to the rapidly advances on ML 

in the last decade, this literature review focus on papers published between 2015 and 2017, and it is 

represented in Table 2.1.  

Forecasting the stock market movements is associated with a problem of classification and pattern 

recognition or eventually a problem of regression if there is an intent of predicting a specific price. The 

“Methods” column on Table 2.1 presents the effort put into the diversification of ML techniques applied to 

this problem with the intent of outperform the results achieved by more classic methods. 

 

2.2.2.1 Simple Classifiers 
 

 There is a clear dominance of two techniques, the Support Vector Machine (SVM) and the Artificial 

Neural Network (ANN). These two are the two most developed single classifiers [10] [4]. Stankovic [11] uses 

a prediction model based on Least Squares Support Vector Machine to predict the trend of the stock market 

indices in emerging markets. The model took as inputs the most commonly used technical indicators and 
simulated trading in different periods of time. The results showed that the model outperforms simple TA 

rules based on a single TA indicator, using popular indicators. Kumar [12] divides the forecasting process 

in two parts since there is a big focus on the selection of input variables. The first part filters a set of fifty-

five technical indicators by implementing a combination of four feature selection techniques, Linear 

Correlation, Rank Correlation, Regression Relief and Random Forest. The second part uses a Proximal 

Support Vector Machine classifier to predict up and down trends on stock prices. The main conclusion was 

that the use of feature selection not only yields a better prediction accuracy but also reduces the computation 
power needed. In [13], Ravi proposes ANN for time-series prediction using as training strategy a sequential 

variant of the extreme learning machine. For the sake of comparison, several ANN were trained with variants 

of back propagation algorithm. The outcome shows that the NN using sequential extreme learning algorithm 

provided the least average RMSE. Rajashree Dash [14] combines a computational efficient functional link 

artificial neural network (CEFLANN) with a set of defined rules in order to generate buy and sell signals on 

stock trading. As input the CEFLANN receives a set of popular technical indicators and the output is a 

continuous signal used in a defined algorithm that represents the trading rules. This model shows a superior 

return when compared with frequently used models such as SVM, KNN, Naïve Bayesian and decision tree.  
 

2.2.2.2 Hybrid Systems 
 

There is an extensive collection of recent proposals using hybrid derivations of neural networks or 

support vector machine algorithms and the majority achieve a better prediction accuracy when compared 
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to more classic approaches. However, a growing trend is noticeable in the use of ensemble systems with 

the objective of minimizing the drawbacks of some ML techniques, resulting in a superior performance and 

thus beating all solo approaches. Asad [15] created a prediction system that combines SVM, Relevance 

Vector Machine and ANN, by generating decision values based on a majority voting mechanism. This 

architecture was tested on Istanbul Stock Exchange and presented around 70% accuracy on prediction 

capabilities. Yang [16] presents an ensemble prediction model based on SVM, RF, and AdaBoost, capable 

of creating effective investment strategies. The maximal information coefficient method is used to filter an 
extensive set of indicators based on technical analysis, macroeconomic indexes and daily price information. 

The results show a higher prediction accuracy than SVM and RF used separately. Another example of an 

ensemble system is Petropoulos approach [17] of developing a model that uses a set of machine learning 

algorithms, namely SVM, random forests, Bayesian autoregressive trees, NN and Naïve Bayes. The signals 

generated by those techniques are managed through a combination of majority voting, genetic algorithm 

optimization and regression weighting. This is used to predict the exchange rate of a set of currency pairs 

and the experiments displays an annual return as high as 18%.  

 

2.2.2.3 Market Time Frame Study 
 

Some papers alarm to the importance of the time frame chosen and the associated forecast horizon, 

since there is an impact in accuracy when leveraging these factors. Shynkevich [18] published a paper that 

extensively examines the effect of shifting the input window length for the creation of technical indicators, 

and even explores the combination of that change with the forecast horizon. Traditional machine learning 
techniques (SVM, ANN and kNN) are used to generate predictions. The evaluation was based on prediction 

accuracy, average return per trade and risk/reward ratio. The evaluated measures show a visible 

dependency of the combination between the input window length and the forecast horizon. The highest 

prediction performance is achieved when both the parameters are roughly equal. Zhang [19] proposes an 

approach called status box method that instead of only using local turning points, creates boxes containing 

specific patterns. This way, making predictions in bigger time frames is possible, which results in a better 

assimilation of the stock market information. Long-term trends are easily obtained by comparing status 

boxes to theirs neighbors and there is a reduction on trading noise. AdaBoost-GA-PWSVM was the classifier 
implemented and the results show a better generalization performance when the status box method is used. 

 

2.2.2.4 Inputs Selection 
 

Another influential topic is the feature selection of the prediction model inputs. Gerlein [20] discusses 
the advantages on computational costs when using simple ML algorithms to the predict exchange rates in 

the Forex market. The results show that profitability is achievable using simple classifiers. However, attribute 

selection is shown as a critical aspect when building the model. The use of a large set of indicators present 
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redundant information, and the poor correlation between indicators and market conditions affect their 

relevance. The implementation of a Restricted Boltzman Machine is pointed as possible method of 

extracting the important features. 

There is shared opinion regarding the importance of the using feature selection techniques. And 

several papers confirmed its relevance by testing the implementation of their models with and without a type 

of input filter [21] [12] [20]. 

The type of input and output are also crucial when defining a prediction system, to achieve the desired 
results. Technical indicators are very popular due to their simple approach of examining some price 

movement characteristics, such as momentum, volume, volatility and breadth market information. There are 

indicators that are chosen more frequently, namely Moving Average, Exponential Moving Average, Moving 

Average Convergence/Divergence, Relative Strength Index, Williams %R, Stochastic Oscillator (%K, %D), 

On Balance Volume, Commodity Channel Index, Rate of Change, Volume Reversal, Momentum, Average 

True Range and Bollinger Bands [21] [18] [19] [12] [14] [16] [20] [11] [22] [15]. 

As for output, the implemented solutions intend to help traders evaluating the market and possibly 

make a trading decision. This is accomplished by using classification ML algorithms to predict whether the 
price will go up or down. In many papers it is possible to observe a primary focus on trend prediction 

accuracy and the metrics evaluated based simply on the accuracy of the ML model output [21] [18] [12] [16] 

[20] [22] [15]. However, some studies go slightly further by creating entry and exit points that are used to 

simulate the returns given by the prediction model implemented. A simple approach is to buy when the price 

is predicted to go down and sell when the trend is reversed [14] [19].  

Some proposed systems reach an elevated prediction accuracy or an impressive yearly return when 

compared with Buy and Hold (BH) strategies. Yet most of them neglect the existence of transactional costs 

during trades. Stankovic [11] used transactional costs of 1% when simulating the trading performance of 
the proposed system, which should be weighted when considering a practical implementation of the system. 

 

2.2.2.5 Frameworks 
 

For last, there is a clear dominance of Python and mathematical programming languages like Matlab 

and R, regarding the technologies used in the considered works. These technologies provide a wide variety 
of tools for machine learning applications and several advance ML libraries like scikit-learn and LibSVM are 

available. 

The presence of big data frameworks in the financial market domain is not strong, possibly due to the 

lack of economic incentive to publish such platforms in a free and open manner. Currently a high volume of 

data in the financial world can be easily accessed in real time through platforms like Yahoo Finance or 

Google Finance. This collected data by itself has no real value. Extracting the right information, by analyzing 

and classifying this big volume of data, is necessary to provide justified predictions related to the markets. 
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A great effort has been done in the development of big data frameworks, some released as open 

source as in the case of Apache Hadoop and Apache Spark [23]. 

Hadoop is a framework that enables the processing of large data sets in a distributed way across 

many computational nodes. One of its main characteristic is the use of MapReduce [24], which allows for a 

highly parallel execution distributed through a large cluster. Any failures that might occur during the 

distribution of the execution are also silently handle by the MapReduce function. The second main trait of 

Hadoop is the use of HDFS [25], which is a distributed file system created to store data across several 
cluster nodes. This system has an extensive fault tolerance and its designed to work on a single node or to 

easily scale to thousands of nodes. This way a programmer without previous knowledge of distributed 

systems is capable to implementing a sophisticated program, capable of taking advantage of the resources 

provided by a cluster of nodes. Even though Spark runs on top of Hadoop, its fundamentals are completely 

different since it uses a new dataset abstraction called RDD [26], which concede Spark a way of having 

large amounts of data in memory in a distributed and fault-tolerant way. Although, Spark has a bigger 

memory consumption, in terms of speed it has been proved to be several times faster than Hadoop [27]. 

Spark can support a wide variety of programming languages such as Scala, Java or Python, and it has 
available machine learning libraries like MLlib.  

 

Table 2.1 - Summary of the related work. 

Ref Keywords Methods Inputs Outputs Year Conclusion Technologies Data 

[21] Feature 

weighted SVM; 

Feature 

weighted KNN; 

Stock Market; 

Hybridized 

framework of 

the feature SVM 

with feature 

weighted KNN 

Technical 
indicators 
 

MA, EMA, 

MACD, VR, 

RSI, OBV, 

MTM, AR 

Up and 

down 

trend 

2017 Classification by FWSVM 

and prediction by 

FWKNN. 

Improved performance 

compared with SVM-

KNN. 

Matlab SSE 

Composite 

Index 

[28] Dynamic model 

averaging; 

Dynamic 

Occan’s 

window; 

Forecasting; 

Trading rules; 

Dynamic 

Occan’s 

windows and 

Dynamic model 

averaging 

Fundamental 
indicators 
 

Monthly 

indicators. 

Set of 
complex 
rules 

2017 Better returns than BH. 

Good adaptation to 

financial distress. Better 

than alternative 

forecasting models. 

N/A Monthly data 

(SP500, 

Gold, 

Bonds) 
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Ref Keywords Methods Inputs Outputs Year Conclusion Technologies Data 

[17] Forex 

forecasting; 

Majority voting; 

Ensemble;  

SVMs, random 

forests, 

Bayesian 

autoregressive 

trees, dense 
layer neural 
networks and 

Naïve Bayes. 

Majority 
voting, genetic 

algorithm 

optimization and 

regression 

weighting. 

Currency 

pairs 

indicators 

Buy or 
sell 
points 

2017 Good yearly returns.  R 

programming 

language 

Daily FX 

rates of top 

10 

currencies 

[29] Decision 

support; 

Text mining; 

Financial news; 

Neural network 

using deep 
learning. 

Stock market 

disclosures 

Price 
estimati
on and 

price 

direction 

2017 Outperforms all 

traditional machine 

learning models based 

on the bag-of-words 

approach. 

Python (scikit-

learn, 

TensorFlow, 

Theano) 

German 

company 

announcem

ents 

[18] Stock trend 

prediction; 

ML algorithms; 

Time lengths; 

SVM, ANN and 

kNN. 

Flexible 
forecast 
horizon and 
input window 
length. 

Technical 

indicators 

MA, EMA, 

ATR, ADMI, 

CCI, ROC, 

RSI, %R, 

%K,%D 

Up or 
down 

trend 

2017 Performance depends of 

input window and 

forecast horizon.  

Matlab and 

LibSVM 

SP500 index 

[19] Stock trend 

prediction; 

Status box; 

AdaBoost; 

SVM; 

AdaBoost-GA-

PWSVM 

method. 

Status box 
method by 

grouping 

sequence 

points. 

Technical 

indicators 

MA, MACD, 

BB, RSI, 

PSY, OBV, 

%K, %D, %J, 

MTM 

Buy or 
sell 
points 

2016 Better performance than 

BPNN and PSVM. 

Status box achieves 

better profitability. Less 

sensitive to noise. 

Matlab and 

LibSVM, 

20 shares 

from SZSE 

and 16 

shares from 

NASDAQ 

[12] Proximal SVM; 

Random forest; 

Feature 

selection; 

Stock trend 

prediction; 

Feature 
selection 
techniques. 

 

Proximal SVM 

classifier. 

Technical 

indicators 

MA, EMA,  

%K, %D, %R, 

BIAS, MACD, 

MTM, ROC 

Up or 
down 

trend 

2016 Better performance than 

PSVM and BPNN without 

feature selection. RF-

PSVM is the best 

combination. 

Matlab Countries 

market 

indices 

[14] CEFLANN; 

Stock trend 

prediction; 

CEFLANN 
network. 

Technical 

indicators 

MA, MACD, 

%K, %D, RSI, 

%R 

Buy and 
sell 
points 

2016 Better performance than 

known classifiers (SVM, 

Naïve Bayesian, KNN, 

DT). 

N/A SP500 and 

BSE 
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Ref Keywords Methods Inputs Outputs Year Conclusion Technologies Data 

[16] Ensemble 

method; 

Stock trend 

prediction; 

Ensemble 
prediction 
model using 

SVM, RF and 

AdaBoost. 

Feature 
selection with 

maximal 

information 

coefficient. 

Technical 

indicators; 

Daily 

transaction 

data; 

Macroecono

mic indexes; 

Buy and 
sell 
points 

2016 Better prediction 

accuracy than SVM and 

RF. 

Trading frequencies 

affect annualized returns. 

Python (scikit-

learn), 

PyAlgoTrader 

(backtesting) 

Chinese 

stock 

indexes, 

macroecono

mic indexes 

and money 

environment 

[13] Time series 

prediction; 

Sequential 

learning; 

Neural network 
using ELM 

variations. 

Daily 

transactional 

data (5 

inputs). 

Price 

estimatio

n 

2016 SELA method 

outperforms other 

training strategies. 

N/A Oil&Gas 

index in the 

BSE 

[20] Forex; 

Simple ML; 

Simple ML 

algorithms 

(OneR, C4.5, 

Jrip, LMT, Kstar, 

Naïve Bayes) 

Transactional 

data; 

Technical 

indicators; 

Up or 
down 

trend 

2016 Positive returns for 

simple ML algorithms. 

Importance of feature 
selection. 

Java (WEKA 

toolbox) 

GPDUSD 

and 

EURUSD 

currency 

pairs 

[11] Emerging 

markets; 

Support Vector 

Machine; 

Strategy 

optimization; 

Least Squares 

Support Vector 

Machine 

Technical 

indicators 

MA, MACD, 

RSI 

Buy and 
sell 
points 

2015 Limitations on returns 
due to transactional 
costs. LS-SVM 

outperforms technical 

analysis. 

Matlab/C (LS-

SVMlab) 

Stock 

indices of 

emerging 

market 

[22] Stock trend 

prediction; 

Classic ML; 

 

ANN SVM RF 

and Naïve 

Bayes 

Inputs as 

continuous and 

discrete values 

Technical 

indicators 

MA, %K, %D, 

RSI, MACD, 

CCI, A/D 

Up and 
down 

trend 

2015 Discrete data shows a 
better accuracy for all 

ML techniques used. 

N/A Stock price 

indexes and 

two stock 

[15] Feature 

selection; 

Stock market 

prediction; 

Ensemble; 

Weighted SVM, 

Relevance 

Vector Machine, 

RF and NN 

Technical 

indicators 

Up and 
down 

trend 

2015 Achieved 70% prediction 

accuracy. 

N/A Istanbul 

Stock 

Exchange 

[30] Deep belief 

neural 

networks; 

Exchange rate; 

Continuous 

restricted 

Boltmann 

machines; 

Deep Belief 
Network using 

continuous 

restricted 

Boltzmann 

machines 

Exchange 

rates 

Forecast 

exchange 

rate 

2015 CRBMs improved DBN 

model. 

DBN outperforms FFNN 

in forecasting exchange 

rates. 

N/A INR/USD, 

BRL/USD 

and 

GPD/USD 

rates 
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2.3 Chapter Conclusion 
 

This chapter provided the necessary financial knowledge needed to understand this work, as well as 
an overall overview of the machine learning techniques used. It was also covered the problem tackled by 

this work and the most recent literature related. Each paper presented was examined with regards to the 

methods, technologies, architecture and data used in order to facilitate the understanding of each approach. 
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3 Proposed Solution 
 

In this chapter, it is presented the proposed strategy trading system that aims to help traders on their 

trading decisions. This system can be articulated in two main segments, namely, a market classification 

system and a strategy optimization system. The idea is to consider the current market conditions and adapt 

the strategy correspondently, thus providing a flexible self-adapting trading system. 
 

3.1 System Architecture 
 

 
Figure 3.1 - Schematic of system architecture. 

 

In Figure 3.1, it is represented a diagram with the overall architecture of the proposed system, where 

three main modules, represented by the purple blocks, divide the system. The blue blocks represent data 

transformations and the yellow block represent stored data. The main idea is to use a classifier based on 

the SVM to classify the market in three different behaviors, namely uptrend, downtrend and sideways. The 

result from this classification allows the aggregation of candles according to their trends. For each group, it 
is employed a genetic algorithm process to optimize the strategy for the existing conditions. Each strategy 

produced by the genetic algorithm is tested using the Strategy Simulator module. This segmentation of 
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optimized strategies intends to maximize the profitability of the system by making it more robust to changes 

on the market conditions. The modular architecture of the system allows for modifications without an overall 

restructure of the system. 

The flow of data starts with the information of daily candles of a certain asset. The Price Sequence 

Normalization block is responsible for processing the market data and produce a collection of price 

sequences that are readable by the SVM classifier. The data produced consists of a sequence of closing 

prices normalized to the minimum and maximum value experienced during that sequence of prices. Each 
sequence contains a trend pattern that will be classified by the SVM module. The Technical Indicator Extract 

block also uses the information of daily candles to calculate the technical indicators considered for this work. 

These indicators are consequently fed to the Genetic Algorithm module and to the Strategy Simulator 

module. The classifier needs to be trained with labeled data, and for that reason, the Price Sequence 

Normalization block also includes a method for manual classification of trends. The process of training the 

classifier is represented in Figure 3.2, where a manually labeling effort is represented in order to create the 

samples that will be used to train the classifier and produce a classifier model. 

 

 
Figure 3.2 - Classifier training diagram. 

 

Initially, the Classifier module needs to receive labeled data from the Price Sequence Normalization 

block in order to be trained. This data is used to perform a grid search of the classifier parameters using a 

cross-validation method. The best combination of parameters is used to train a SVM model capable of 

classifying any market. 
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Once the classifier is trained, it is possible to get the classification of a trend at every candle. The 

collection of classified trends is passed to the Genetic Algorithm module where it can be used to optimize 

different strategies for each group of trends. The universal trait of trends implies that a trained classifier 

should be able to classify trends for different markets independently of the period or asset used. 

The GA module can optimize a trading strategy with or without the use of the classified trends. The 

Figure 3.3 presents the system diagram of a strategy optimization made without the consideration of trends. 

For this situation, the Genetic Algorithm Module implements a single genetic algorithm for the optimization 
of a strategy that uses the entire collection of candles to attain the most fitted strategy. The constant 

exchange of information between the Genetic Algorithm Module and the Strategy Simulator Module allows 

for the evolution of a strategy based on its performance. 

 

 
Figure 3.3 - Single strategy optimization diagram. 

 

The Figure 3.4 presents the system diagram for the optimization of strategies based on trends, in 

which there is a full cooperation of all the blocks of the system. This mode of operation requires a trained 

classifier that receives the normalized price sequence of each candle of that market data and outputs the 

respective trend. These trends are then used by the Strategy Simulator Module to divide the collection of 

candles into trend groups. For each trend group it is used the Genetic Algorithm and Strategy Simulator 

modules to derive the best strategy. The result is three different trading strategies, each one of them 
optimized for a specific market condition. 
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Figure 3.4 - Trend strategy optimization diagram. 

 

The Strategy Simulator module is used to simulate a trading strategy for a specific market and period. 

This simulation is achieved by iterating each candle and evaluating the technical indicators used. At the end 

of the simulation, a final return on investment is calculated and returned. The simulation works with and 
without the mechanism of trend contemplation at each iteration.  

 

3.2 Dataset 
 

The dataset consists of the price action since the year 2001 up to 2018 for four of the most traded 
indexes. The Standard&Poor’s 500 (SP500), consisting of the 500 largest publicly traded companies in the 

United States of America. The Deutscher Aktienindex (DAX), that represents 30 of the largest German 

companies. The Nikkei Heikin Kabuki 225 (NIK225), which comprises of the 225 largest publicly traded 

companies of Japan. And the Índice Bursátil Español 35 (IBEX35), that represents 35 of the largest Spanish 
companies. This data was retrieved from Yahoo Finance and it is comprised of daily values containing 

information of the open, close, high and low prices, as well as the volume for the corresponding day. The 

system consumes this information and it creates the technical indicators for the strategy module and the 

normalized price sequences for the classifier. The market data retrieved from Yahoo Finance is stored in 

text files and the FileReader class is used to read a file and output a CandleSeries structure consisting of a 

sequence of market candles as displayed on Figure 3.5. 
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Figure 3.5 - CandleSeries UML. 

 

The Figure 3.6 presents a simplified UML of the PriceSequenceData class. This class is responsible 

for the ingestion of the market data in the form of CandleSeries structures and for the creation of files that 

are readable by the Classifier module. The function startEvaluator is used to start the manual process of 

labeling sequences of candles with respect to the present trend. This labeling process involves choosing 

random candles to be classified. For each candle that goes under manual trend classification, it is evaluated 

the sequence of candles prior to the candle at hand. The function createTrainAndTestPriceSequenceData 

creates two files with a collection of normalized values for the closing price of candle sequences and the 

corresponding manually labeled trend. These two files correspond to the training and testing files for the 
Classifier module and their data is separated in time in order to get a clean training and testing process. 

This function is essential for the creation of a SVM model since it is necessary to provide correctly labeled 

samples to train the classifier. The function createFullPriceSequenceData creates a single file with only 

the normalized price sequences for all the candles in the market used. A trained classifier will use this file 

to classify all the sequences and output a new file with the trend classification for each candle. The function 

loadTrends reads the file with the entire trends collection and returns the trends. 
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Figure 3.6 - PriceSequenceData UML. 

 

The normalized price sequences are generated through a process that starts by calculating the length 

between the highest and lowest closing price observed during the window of candles considered. Then, for 

each closing price it is subtracted the lowest closing price and divided by the length previously obtained. 

The result is a sequence of numbers on a scale of one to zero that try to represent the pattern of the closing 

prices during the period represented in the window. This approach allows us to compare similar patterns for 

different price ranges, as well as for markets that typically have different percentage changes on price but 
follow the same trend shapes. The Figure 3.7 presents an example of a sequence of closing prices at the 

left and the normalized format at the right. The maximum price is seen at the beginning and the lowest 

prices at the end. In the normalized format the values range from one to zero, yet the shape of the sequence 

is preserved. 

 

 
Figure 3.7 – Example of close price sequence and normalization. 

 

The technical indicators used represent some of the most common indicators used for technical 

analysis as explained on section 2.2.2. These indicators are computed using a well-known Java library for 
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technical analysis called ta4j [32]. The Table 3.1 presents the list of indicators considered in this work and 

the corresponding formulas. 

 

Table 3.1 - Technical indicators used and the corresponding formulas. 

Name of indicator Formula of indicator 
Simple Moving Average 

(SMA) 𝑆𝑀𝐴$(𝑖) =
∑ 𝑐𝑙𝑜𝑠𝑒/0
/102$

𝑛  

Relative Strength Index (RSI) 

𝑅𝑆𝐼$(𝑖) = 100 − 100 ∗
1

1 +
𝑀𝐴;<
𝑀𝐴=<

 

 

𝑀𝐴;< = 𝑈0 +𝑀𝐴;<?@ ∗
𝑛 − 1
𝑛  

𝑀𝐴=< = 𝐷0 +𝑀𝐴=<?@ ∗
𝑛 − 1
𝑛  

 

𝑈0 = B
𝑐𝑙𝑜𝑠𝑒0 − 𝑐𝑙𝑜𝑠𝑒02C, 𝑖𝑓	𝑐𝑙𝑜𝑠𝑒0 > 𝑐𝑙𝑜𝑠𝑒02C

0, 𝑖𝑓	𝑐𝑙𝑜𝑠𝑒0 ≤ 𝑐𝑙𝑜𝑠𝑒02C
 

𝐷0 = B
𝑐𝑙𝑜𝑠𝑒02C − 𝑐𝑙𝑜𝑠𝑒0, 𝑖𝑓	𝑐𝑙𝑜𝑠𝑒02C > 𝑐𝑙𝑜𝑠𝑒0

0, 𝑖𝑓	𝑐𝑙𝑜𝑠𝑒02C ≤ 𝑐𝑙𝑜𝑠𝑒0
 

Bollinger Bands (BB) 

𝐵𝐵$,JK	;LLMN	OPQ$K(𝑖) = 𝑆𝑀𝐴$(𝑖) + 𝑆𝑑$ ∗ 𝑠𝑑 

𝐵𝐵$,JK	SPTMN	OPQ$K(𝑖) = 𝑆𝑀𝐴$(𝑖) − 𝑆𝑑$ ∗ 𝑠𝑑 

𝐵𝐵$,JK	U0KKVM	OPQ$K(𝑖) = 𝑆𝑀𝐴$(𝑖) 

 

𝑆𝑑$(𝑖) = W∑ (𝑐𝑙𝑜𝑠𝑒/ − 𝐴𝑣𝑔$(𝑖))Z0
/102$

𝑛  

 

𝐴𝑣𝑔$(𝑖) =
∑ 𝑐𝑙𝑜𝑠𝑒/0
/102$

𝑛  

Bollinger Bands Width 
(BBW) 

𝐵𝐵𝑊$,JK(𝑖) =
𝐵𝐵$,JK	;LLMN	OPQ$K(𝑖) − 𝐵𝐵$,JK	SPTMN	OPQ$K(𝑖)

𝐵𝐵$,JK	U0KKVM	OPQ$K(𝑖)
 

 

The Figure 3.8 presents the UML for the TechnicalIndicatorsData class. This class is responsible for 

the creation of the technical indicators used in the system. The function creatBTS is necessary to convert 

the data present in the CandleSeries structure to a format that enables the creation of the indicators using 

the technical analysis library. The functions createSMA, createRSI and createBBW, produce the technical 
indicators considered in this work and the function convertTStoLB is used to return each indicator as a list 

of values. 
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Figure 3.8 - TechnicalIndicatorsData UML. 

 

3.3 Classifier Module 
 

The classification of the market trends is performed on this module by applying a SVM algorithm to 

the price data of a market. The implementation of the SVM relies on the use of LIBSVM [31], which provides 

a strong and well tested library for the implementation of the algorithm originally invented by Vapnik [9]. 

For the classification of the market trends, it is used, as input for the SVM module, a sequence of 

price values that describe the trend detected at a certain point in time. Each array of values represents the 
trend observed from the candle that is being classified and the number of elements in that array is what 

defines the size of the window, which must be constant during the use of this module. For this work, three 

types of labels were used, namely uptrend normally represented by continuous higher highs and lows, 

downtrends represented by continuous lower highs and lows, and sideways which represent all the other 

types of patterns. 

The SVM classifier needs to be initially trained with labeled samples in order to create a classifier 

model capable of correctly classifying market trends. The Figure 3.9 presents the flow chart of the Classifier 
module during the training phase. It receives as input data a collection of normalized price sequences with 

the correct trends that will be used to train the classifier. The module also requires a set of parameters, 

where Kernel, C and Gamma parameters are related with SVM, and the K parameter is related with the 

cross-validation method used. The output is a classifier model that later will serve as input for the module 

since it has the information needed to implement the logic of the SVM classification. 
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Figure 3.9 - Flow chart of the training phase for the Classifier module. 

 

For a correct classification using the SVM, it is used a grid search method to achieve the optimal 

configuration of its hyperparameters. A solution for the best set of parameters is achieved through a brute 

force testing of parameters for each SVM kernel. Generally, the values chosen in the grid search increment 

in a logarithmic scale since the spectrum of possible values is wide and for each solution it is necessary to 

test the classifier accuracy. 

The kernel is a crucial component of the SVM, and it can change the ability of the classifier on finding 

patterns regarding their complexity. The search process starts with the linear kernel that modules the 
simplest patterns and from that it iterates through the polynomial and radial basis function (RBF) kernels, 

that are able of classifying more complex spaces. The parameter C is present on all kernels and it defines 

the penalty of the decision boundary, if a greater value of C is used, the decision curve can handle larger 

errors. For the Polynomial and RBF kernels, the Gamma parameter exists, and its increment allows for a 

curvature increase of the decision boundary which results on a higher adaptation to the training data. 

For each combination of parameters, it is used a cross-validation method based on the K-Fold 

technique during the grid search in order to get a better indication of how well the classifier will behave on 

new data. The aim of this technique is to train the classifier in a way that mitigates the risk of overfitting the 
training data, and thus improving the chances of success of the model when applied to unseen data. The 

data is divided into K sets and it is trained K times, as illustrated in Figure 3.10. For each time, a different 

set is used for testing and the remaining sets are used for training. At the end of the process, it is computed 

the average accuracy of the model in all the iterations. This method generates a less biased measurement 

of the classifier performance. 
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Figure 3.10 - K-Fold method. 

 

In the presence of a trained classifier model, it is possible to use the Classifier module to classify 

unlabeled market data. The Figure 3.11 presents a flow chart for the Classifier module during the 

classification phase, in which there is a previously classifier model as an input of the module. In this mode, 

it is not required to provide any parameter to the SVM since the classifier is already trained. It receives as 

input data a collection of normalized price sequences of a specific market and it outputs the corresponding 

trends through the classifier. 
 

 
Figure 3.11 - Flow chart of the classification phase for the Classifier module. 

 

The Figure 3.12 presents the UML for the Classifier module. The functions trainRBF, trainPoly and 

trainLinear are used to train a SVM model using the three kernels considered. These functions receive the 

name of the file that contains the normalized price sequence data and corresponding trends, as well as the 

values for the kernel parameters. The output of these functions is a trained SVM model that can be used to 
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classify further data. The function trainCross is also used to train a SVM model and it implements a cross-

validation method, namely the K-Fold, to evaluate its ability of classifying future data. This function receives 

the name of the file with the normalized price sequence and trends, the kernel used and the parameters for 

the corresponding kernel. The major difference of this function in relation to the previous training functions 

is that it does not generate a trained SVM model, since it is simply used to assess the effectiveness of the 

values chosen for the kernel parameters. The function gridSearchCross is used to run the trainCross 

function for each combination of elements in cArray and gammaArray structures and register the accuracy 
yield for each combination. These two structures contain the possible values for the kernel parameters. The 

function test is used to classify price sequence data using a trained SVM model. This function receives the 

name of the trained SVM model and the name of the file with the normalized price sequence data, and it 

outputs a file with the predicted trends. 

 

 

Figure 3.12 - Classifier UML. 

 

3.4 Strategy Simulator Module 
 

The Strategy Simulator module is responsible for the implementation of trading strategies and the 

corresponding simulation. This implies the creation of trading rules that will be used to simulate the trading 

action of a market during a specific period. This module has two modes of operation, it can simulate for a 

specific type of trends, or it can simulate for all candles regardless of their trend classification. The Figure 

3.13 presents the flow chart for the Strategy Simulator module without the consideration of the market 

trends. The trading simulation receives the market data as input, and it requires the configuration of trading 

rules and the specification of the start and finishing points. The output of a simulation is a list of trading 
signals that yield the corresponding ROI.  
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Figure 3.13 - Flow chart for the trendless strategy simulation. 

 

When doing a simulation based on trends, it is necessary to run the simulation for each type of trend 

and get the final ROI from the combined signals of these simulations. The Figure 3.14 presents the flow 

chart for the Strategy Simulator module with the use of the market trends. It receives as inputs, the collection 

of candles for the market and the corresponding collection of market trends predictions. In this mode of 
operation, it is necessary to provide an extra parameter with regards to the trend being simulated. This is 

necessary since the genetic algorithm optimizes a strategy for a specific type of market conditions. The 

output can be either the ROI for a specific trend or the ROI for the entire simulation after compiling the 

returns obtained for each trend. 

 

 
Figure 3.14 - Flow chart for the trend strategy simulation. 
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The trading rules are conditions used to evaluate the market through technical indicators. These 

conditions are used to decide if the simulator should enter a long or short position or if it should close an 

existing position. A trading rule can be simplified as comparison of values between two indicators or an 

indicator and a specific threshold. Since the objective is to support our strategies in technical analysis, the 

proposed rules use a set of different technical indicators. In order to get a clear picture of the market it is 

used a set of indicators that focus on distinct market aspects. For trend information, it is used the crossing 

of two moving averages to measure the direction and strength of a trend or a reversal. Regarding 
momentum, it is used the Relative Strength Index (RSI) to assess the velocity of price movement by 

examining the sequence of the most recent closing prices. Lastly, with respect to volatility, it is used the 

Bollinger Bands (BB) to estimate the recent level of price fluctuation. In Table 3.2, it is displayed the 

proposed rules for the implemented system. 

 

Table 3.2 - Proposed rules for each technical indicator. 

TECHNICAL 
INDICATOR 

SIGNAL RULE 
TYPE OF 
SIGNAL 

PARAMETERS 

SMA 
 

(𝑍)𝑆𝑀𝐴] < (𝑍)𝑆𝑀𝐴_ Long X=[5,10,15,20] Y=[-1,1] 

Y=[2*x,3*x,4*x,5*x] (𝑍)𝑆𝑀𝐴] > (𝑍)𝑆𝑀𝐴_ Short 

RSI 
𝑅𝑆𝐼C` < 𝑋 Long X=[0:100] 

Y=[0:100] 𝑅𝑆𝐼C` > 𝑌 Short 

BBW 
𝐵𝐵𝑊Zc,Z < 𝑋 Long X=[0:1] 

Y=[0:1] 𝐵𝐵𝑊Zc,Z > 𝑌 Short 

BB 
(𝑌)𝐵𝐵Zc,]	;LLMN	Od$K > (𝑌)𝐶𝑙𝑜𝑠𝑒 Long X=[1,2,3,4] 

Y=[-1,1] (𝑌)𝐵𝐵Zc,]	SPTMN	Od$K < (𝑌)𝐶𝑙𝑜𝑠𝑒 Short 

 
During the strategy simulation, at each candle iteration, several signals will be generated and it is 

expected to observe conflict between the various indicators. To cope with the inconsistency of the technical 

indicators, it is implemented a system that equally distributes the voting power between the signals. This 

voting system aims to boost the confidence of the system trades and avoid over trading. The Figure 3.15 

presents a state diagram that illustrates the voting mechanism implemented. The simulator has the 

possibility of being long, short or out of a trade. For each point in time during the simulation, a state change 

can be made by analyzing the number of short and long signals generated in that moment. 
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Figure 3.15 - Strategy state diagram. 

 

The Figure 3.16 presents the UML for the StrategySimulator class. The function 

simulateVotingStrategy receives a starting and stopping point that defines the period of simulation. The 

trading simulation works by iterating each candle of the market in a time sequence order and checking the 

rules signals. At each iteration the signals yielded are weighted by the system and a possible trading 
decision is made. The trade signals are stored in the historic structure so that the final ROI can be easily 

calculated. The operation of the function simulateVotingStrategyWithTrend is similar, with the difference 

that in each iteration it is performed a validation of the current trend. If the current trend corresponds to the 

trend under simulation, the system for trading signals is run normally. Otherwise the trading algorithm is 

skipped.  
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Figure 3.16 - StrategySimulator UML. 

 

When the strategy is being ran using trends, it is necessary to use this function for each type of trend 

and the final ROI is retrieved using the function getRSignals. Before calling one of these two simulation 

functions, it is necessary to populate the structures LongRuleList and ShortRuleList using the functions 
started by “setLong” and “setShort” respectively.  The Figure 3.17 displays the pseudocode for the two 

simulation functions explained, where the difference between them is explicitly commented on the code. 
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Figure 3.17 - Strategy simulation pseudocode. 

 

3.5 Genetic Algorithm Module 
 

The Genetic Algorithm module is responsible for the optimization of strategies based on the returns 

yield by those strategies. The individuals created by the genetic algorithm are translated to trading rules to 

be simulated. The Strategy Simulator returns the ROI of these strategies to the Genetic Algorithm module 

that uses this value to assess the fitness of the individual. For the implementation of the genetic algorithm 
it is put to use the JGAP library [36], which is a sophisticated genetic programming library written in Java 
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and thus compatible with Scala. Exploring the capabilities of the genetic algorithm is not the priority of this 

work and the considerations made for the algorithm are simplified as much as possible.  

The chromosome defined for the genetic algorithm consists of several values that control the 

parameters of the strategy rules used in the Strategy Simulator module. The rules presented in Table 3.2 

have variables (X, Y and Z), that are chosen using the genetic algorithm. These variables can represent 

threshold values, define characteristics of the technical indicators or change the logic implemented in the 

trading rule. The values present on the chromosome directly affect the trading signals and thus influencing 
the trading decision. In Table 3.3 it is represented the chromosome used to parameterize the rules and 

optimize the trading strategy. 

 

Table 3.3 - Chromosome representation. 

Short SMA Long SMA 
SMA Long 

Short 
Direction 

RSI upper 
bound 

RSI lower 
bound 

BBW upper 
bound 

BBW lower 
bound 

BB 
Standard 
Deviation 

BB Long 
Short 

Direction 

[5,10,15,20] [2x,3x,4x,5x] [-1,1] 
[0 : 100] 

Step: 5 

[0 : 100] 

Step:5 

[0 : 1] Step: 

0.05 

[0 : 1] Step: 

0.05 
[1,2,3,4] [-1,1] 

 
The genetic algorithm uses the return on investment of the strategy simulation as fitness function, 

which means that for each genome created it is necessary to run a strategy simulation correspondent to the 

specific genome. During the optimization phase, the pool of genomes will evolve in the direction of higher 

returns. For cases where the best strategy is to go long and hold or to go short and hold during the entire 

period of training, it is introduced a penalty so that strategies that have unusually low trading frequencies 

are avoided. 

Since each gene of the chromosome has its own range and scale, it is established different step sizes 

for each parameter. The step sizes were chosen with the objective of preserving a large space of solutions 
but reducing the possibility of an excessive granularity. An exaggerated customization of the parameters 

could make the optimization less efficient by creating rules overly specific to the training data. The Table 

3.4 presents an example of a chromosome and the values for each gene.  

 

Table 3.4 - Example of a strategy chromosome. 

Short 
SMA 

Long 
SMA 

SMA 
Long 
Short 

Direction 

RSI 
upper 
bound 

RSI 
lower 
bound 

BBW 
upper 
bound 

BBW 
lower 
bound 

BB 
Standard 
Deviation 

BB Long 
Short 

Direction 

[10] [2x] [1] [70] [30] [0.4] [0.15] [2] [-1] 

 

The Table 3.5 presents the trading rules generated from the genes displayed in Table 3.4. These 

trading rules contain the information necessary to generate the trading signals for the strategy simulation. 
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Table 3.5 – Example of trading rules. 

TECHNICAL 
INDICATOR 

SIGNAL RULE 
TYPE OF 
SIGNAL 

SMA 
𝑆𝑀𝐴Cc < 𝑆𝑀𝐴Zc Long 

𝑆𝑀𝐴Cc > 𝑆𝑀𝐴Zc Short 

RSI 
𝑅𝑆𝐼C` < 30 Long 

𝑅𝑆𝐼C` > 70 Short 

BBW 
𝐵𝐵𝑊Zc,Z < 0.15 Long 

𝐵𝐵𝑊Zc,Z > 0.4 Short 

BB 
𝐵𝐵Zc,Z	;LLMN	Od$K < 𝐶𝑙𝑜𝑠𝑒 Long 

𝐵𝐵Zc,Z	SPTMN	Od$K > 𝐶𝑙𝑜𝑠𝑒 Short 

 

The Figure 3.18 presents the UML for the GeneticAlgorithm class. The function configureJGAP 

initializes the class for the GA module. It sets the initial population to 100 and it sets as the fitness function 
the returns obtained from the Strategy Simulator module. The defined chromosome structure is used, and 

the initial population is created with random values for its genes. The function evolve is run at each iteration 

of the algorithm and it calculates the fitness score of each individual, which will be used by the selection 

algorithm to create the population for the next generation. The function getFittestChromosome retrieves 

the best individual from the current population. 

 

 
Figure 3.18 - GA module UML. 

 

The genetic algorithm uses a selection method that consists on electing a fixed number of individuals 

that were able to show the best fitness results. These individuals will be considered for the creation of the 

next generation. The threshold was set to 90%, meaning that the best 90 individuals from the population of 

100 are used to produce the next population. The population size is kept constant and it is allowed to have 

duplicated chromosomes. 



40 
 

The crossover process chooses two random chromosomes from the individuals that pass the 

selection method and use them to generate a new chromosome. The crossover rate is set to 0.35, which 

means that there is a 65% chance that the new chromosome is a clone from one of its parents and a 35% 

chance that the new chromosome inherits genetic information from both parents. This mechanism of 

combining two chromosomes involves swapping genes between the two initial chromosomes and thus 

creating a new distinct chromosome. 

The mutation rate is another important definition that allows the algorithm to maintain genetic diversity 
by introducing random changes to the genes values of a chromosome. It is important to notice that a high 

mutation rate could lead to an aimless arbitrary search. The mutation rate was set to 1/12, meaning that on 

average one in every 12 genes is mutated. 

 

3.6 Chapter Conclusion 
 

In this section, it is described the overall architecture of the system and it is presented the 

implementation of each individual module with the intent of facilitating the implementation of the proposed 
system. It is presented some flow charts, as well as an explanation of the most relevant functions and 

mechanisms of each module. Some of the considerations made can be easily changed due to its modular 

essence. 
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4 Results  
 

This chapter analyzes the results produced by the proposed system and it tests different approaches 

regarding the mechanism of modules presented in chapter 3.  

 

4.1  Evaluation Metrics and Data Labeling 
 

This section addresses specific implementation details and evaluation metrics that are present on the 

case studies considered. 

 

4.1.1  Evaluation Metrics for SVM Classifier 
 

The computation of the evaluation metrics for the classifier can be done using the confusion matrix 

displayed in Figure 4.1. This confusion matrix is shown as the relation of events classified as positive or 

negative for a given class and the relation between the predicted and actual values. The four types present 

on the matrix are the basis for computing the evaluation measures of the classifier. 
 

 
Figure 4.1 - Confusion Matrix Table. 

 

Considering that the market being analyzed can have predominant types of trends, the evaluation of 

the model based purely on the corresponding accuracy is not a good procedure since it can lead to false 

interpretations.  

The formula for the accuracy is: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁 
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As a result, the model is evaluated regarding its precision and recall, and thus providing a more robust 

evaluation methodology. A classifier that always outputs a specific type of trend regardless of the input can 

have a high accuracy if the market analyzed contains primarily that specific trend. For that reason, the 

precision and recall can be used to measure the efficiency of the model in detecting less frequent types of 

trends. 

The formulas for the precision and recall are:  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 

By analyzing the precision formula, it is possible to conclude that it evaluates how many cases of the 

predicted label were the actual label and it can be used to see how much false positives is the model 

generating. As for the recall, it analyzes how prone it is to miss positive classifications from a certain label. 

One way of evaluating both the precision and the recall in a single score is through the F1 score, which 

consists of the harmonic average between the precision and the recall measurements. 

The formula used on its calculation is: 

𝐹1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙  

The score computed for a specific classifier will then be the average F1 score of the three labels 

considered. 

The formula for the classifier score is: 

𝑆𝑐𝑜𝑟𝑒 =
𝐹1QLuNM$K + 𝐹1J0KMTdvJ + 𝐹1KPT$uNM$K

3  

 

4.1.2  Evaluation Metrics for Strategy Simulation  
 

Regarding the evaluation of the strategies, it is used a simple ROI metric, which measures the 

outcome of the strategy but not the risk associated with it.  

The ROI is a ratio between the net profit and the cost of investment, and its formula is: 

𝑅𝑂𝐼 =
𝐺𝑎𝑖𝑛	𝑓𝑟𝑜𝑚	𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡 − 𝐶𝑜𝑠𝑡	𝑜𝑓	𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡

𝐶𝑜𝑠𝑡	𝑜𝑓	𝐼𝑛𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡  

 

4.1.3  Data Labeling 
 

The classifier needs to consume labeled data in order to create a model capable of classifying the 

current trend. For this reason, several price sequences of different sizes were manually labeled using classic 
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characteristics of trends. The price sequences were randomly chosen from the data considered, resulting 

in a well distributed labeling of trends. 

For a price sequence to be labeled as an uptrend, it is necessary that a pattern of higher lows and 

highs is present as well as a significant price increase on the end of sequence when compared with the 

beginning. The opposite pattern is expected for a downtrend, meaning lower lows and highs and a significant 

price drop overall. However, this classification is not rigid since trends can manifest in different forms. All 

the price sequences that do not follow an up or down trend pattern, are immediately classified as sideways 
trends. Figure 4.2 illustrates examples of different types of trends for a certain period, where the red block 

represents a downtrend, the green block represents an uptrend and the blue blocks represent sideways 

trends. 

 

 
Figure 4.2 - Trend examples for 20 candles window on SP500 index. 

 

4.2 Case Study – Classifier Time Frame Analysis 
 

In this case study, the SVM classifier is implemented with different time windows in order to analyze 
the effects of the window size on the classification of trends. For each size considered, it is applied a grid 

search algorithm to find the best combination of kernel and parameters. For each iteration in the grid search 

it is used a cross-validation process based on the K-fold method. This process, as explained in section 3.3, 

facilitates the correct selection of the kernel parameters by reducing the possibility of overfitting the training 

data. The value used for K is 5, meaning that the training data is divided in five parts and the K-fold algorithm 
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is applied to those five blocks. To evaluate the performance of the classifier it is calculated the average of 

the F1 scores of the three labels through the formulas presented in section 4.1.1. This type of evaluation 

provides the desired information since it distributes the relevance of each type of trend evenly, regardless 

of an existing unbalance of trend types on the data set. After the grid search, the classifier is tested on the 

testing data using the parameters that yielded the highest scores for the three different kernels. 

For this case study, several considerations were made in order to achieve results that help formulating 

better trading systems. Regarding the lengths of the windows it was chosen three different sizes. A large 
window of 100 candles since it constitutes a good representation of a long-term trend. A small window of 

20 candles, which is close to the minimum size possible for the materialization of a trend. And finally, a 

medium window of 50 candles that represents a compromise between the large and small window. The 

Figure 4.3 illustrates several examples of trends, where each trend has a different window’s size. 

 

 
Figure 4.3 - Trend example for 100, 50 and 20 candles windows on SP500 index. 
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In this case study it is used the market data of the IBEX35 index from 1999 up to 2018, since it 

contains several examples of the three types of trends considered. This data is represented in Figure 4.4, 

where it is possible to observe the variety of trends present.  

 

 
Figure 4.4 – Price behavior of IBEX35. 

 

For each window size it was used 1000 samples of manually labeled trends to train and test the 

classifier. The training and testing data are divided using a typical ratio of 70% for the training data and 30% 

for the testing data, which means that there are around 700 samples for training and 300 samples for testing 

for each window size. For the grid search method, this study considers three different kernels, namely the 

linear, the polynomial and the RBF kernel, as stated in section 3.3. The parameters of the kernel are iterated 

in a logarithmic scale as shown on Table 4.1, under the C and Gamma parameters. The grid search process 

is computed 20 times in order to have a good average representation of the performance of each 

combination of parameters. The Table 4.1 summarizes the considerations made for this case study.  
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Table 4.1 - Considerations for classifier time frame analysis case study. 

CONSIDERATIONS 
WINDOW SIZE 

 
[100, 50, 20] 

ITERATIONS  20 

SAMPLES 
100 Window 1000 

50 Window 1000 
20 Window 1000 

GRID SEARCH 

Kernel [“linear”, “polynomial”, “rbf”] 

C [0.1,0.5,1,5,10,50,100,500,1000] 

Gamma [0.001,0.01,0.1,1,10,50,100,500,1000] 

Method K-Fold 

K 5 

DATA 
Market IBEX35 

Duration 21/09/1999 – 21/09/2018 

DATA RATIO 
Training Data 70% 

Testing Data 30% 

 

4.2.1  Window size of 100 candles 
 

In this section it is implemented a classifier with a 100-window size and it is displayed the results 

obtained from the grid search algorithm on the training data in section 4.2.1.1. In section 4.2.1.2, it is 

presented the results of the classifier applied to the testing data using the parameters that yield the highest 

score in section 4.2.1.1. 

 

4.2.1.1 Grid search for 100 window approach 
 

The Table 4.2 shows the histogram of the best scores obtained during iteration of the grid search for 

the three kernels considered, using the K-Fold method as the cross-validation technique. The classifier 

implements a 100 candles window in this example. 
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Table 4.2 - Histogram of grid search scores for the 100-window size. 

 
 

The distribution present in the histogram shows that the linear kernel presents the lowest score 

distribution and the RBF kernel present the highest. 

The Table 4.3 contains the kernel parameters that yielded the best scores on average during the 
iterations for the grid search. It is displayed the results for each kernel.  

 

Table 4.3 - Grid Search results for 100 candles size window. 

Linear 
Parameters 

C 0.1 

Gamma NA 

Results 
Avg Score (%) 90.46 

Std Dev (%) 0.26 

 

Polynomial 
Parameters 

C 0.1 

Gamma 0.1 

Results 
Avg Score (%) 91.59 

Std Dev (%) 0.44 

 

RBF 
Parameters 

C 0.1 

Gamma 0.5 

Results 
Avg Score (%) 91.75 

Std Dev (%) 0.49 
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The average scores obtained for the best parameters of the kernels are notably close, despite the 

superiority of the RBF and polynomial kernels. However, the linear kernel shows almost half the value 

regarding the standard deviation, which indicates that it might be a more stable approach. The parameter’s 

values are confined to normal ranges, which means that it was probably avoided a situation of overfitting or 

underfitting. 

 

4.2.1.2 Testing 100 window approach 
 

The Table 4.4 shows the testing results of the classifier using a linear kernel with the parameters 

chosen on the previous section. It is presented the average accuracy, precision and recall. 

 

Table 4.4 - Classification metrics for the linear kernel with 100 candles window. 

Parameters 
C 0.1 

Gamma NA 

Results 
Avg Accuracy (%) 89.70 

Avg Precision (%) 89.44 

Avg Recall (%) 91.14 

 

The Table 4.5 shows the measurements for each label of the classifier applied to the testing data. 

The classifier is using a linear kernel with the parameters present on Table 4.4. 

 
Table 4.5 - Classification metrics of each label for the linear kernel with 100 candles window. 

Label Precision (%) Recall (%) Count 
Up 87.76 94.51 98 

Sideways 93.75 81.40 112 

Down 86.81 97.53 91 

 

The Table 4.6 shows the testing results of the classifier using a polynomial kernel with the C and 

Gamma parameters chosen on the previous section. It is presented the average accuracy, precision and 

recall. 
 

 

 

 



50 
 

Table 4.6 - Classification metrics for the polynomial kernel with 100 candles window.. 

Parameters 
C 0.1 

Gamma 0.1 

Results 
Avg Accuracy (%) 88.70 

Avg Precision (%) 88.56 

Avg Recall (%) 90.06 

 

The Table 4.7 shows the measurements for each label of the classifier applied to the testing data. 

The classifier is using a polynomial kernel with the parameter present on Table 4.6. 
 

Table 4.7 - Classification metrics of each label for the polynomial kernel with 100 candles window. 

Label Precision (%) Recall (%) Count 
Up 85.15 94.51 101 

Sideways 92.04 80.62 113 

Down 88.51 95.06 87 

 

The Table 4.8 shows the testing results of the classifier using a RBF kernel with the C and Gamma 

parameters chosen on the previous section. It is presented the average accuracy, precision and recall. 
 

Table 4.8 - Classification metrics for the RBF kernel with 100 candles window. 

Parameters 
C 0.5 

Gamma 0.1 

Results 
Avg Accuracy (%) 91.03 

Avg Precision (%) 90.86 

Avg Recall (%) 92.02 

 

The Table 4.9 shows the measurements for each label of the classifier applied to the testing data. 
The classifier is using a RBF kernel with the parameter present on Table 4.8. 

 

Table 4.9 - Classification metrics of each label for the RBF kernel with 100 candles window. 

Label Precision (%) Recall (%) Count 
Up 88.66 94.51 97 

Sideways 93.22 85.27 118 

Down 90.70 96.30 86 
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The results of the classifier applied to the testing data show that the RBF kernel achieved a higher 

accuracy, precision and recall, when compared to the linear and polynomial kernels. The tables 4.5, 4.7 and 

4.9, show that the high level of precision and recall is maintained for the three labels, regardless of the 

predominance of sideways trends. 

 

4.2.2  Window size of 50 candles 
 

In this section it is implemented a 50-window classifier with and it is displayed the results obtained 

from the grid search algorithm on the training data in section 4.2.2.1. In section 4.2.2.2, it is presented the 

results of the classifier applied to the testing data using the parameters that yield the highest score in section 

4.2.2.1. 

 

4.2.2.1 Grid search for 50 window approach 
 

The Table 4.10 shows the histogram of the best scores obtained during each iteration of the grid search 
for the implementation of a 50-window classifier. The grid search algorithm was ran 20 times for each kernel. 

The scores represent the global F1 score for the three labels. It is possible to observe that a more complex 

kernel, like the polynomial and the RBF, achieve higher scores than a simple linear kernel. 

 

Table 4.10 - Histogram of grid search scores for 50-window. 
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The Table 4.11 contains the kernel parameters that yielded the best scores on average during the 

iterations for the grid search. It is displayed the results for each kernel.  

 
Table 4.11 - Grid Search results for 50 candles size window. 

Linear Parameters 
C 0.1 

Gamma NA 

Results 
Avg Score (%) 87.78 

Std Dev (%) 0.44 

 
Polynomial 
Parameters 

C 5 

Gamma 0.1 

Results 
Avg Score (%) 88.83 

Std Dev (%) 0.66 

 

RBF Parameters 
C 10 

Gamma 0.1 

Results 
Avg Score (%) 89.68 

Std Dev (%) 0.54 

 
For this experiment, it is possible to conclude that the RBF kernel presents the best score. However, 

the polynomial and the linear kernel scores are close to the RBF kernel, since the gap between the worst 

and the best score is 1.8%. The best combination of parameters for each kernel have similar values. 

 

4.2.2.2 Testing 50 window approach 
 

The Table 4.12 shows the testing results of the classifier using a linear kernel with the parameters 

chosen on the previous section. It is presented the average accuracy, precision and recall. 

 
Table 4.12 - Classification metrics for the linear kernel with 50 candles window. 

Parameters 
C 0.1 

Gamma NA 

Results 
Avg Accuracy (%) 84.64 

Avg Precision (%) 82.85 

Avg Recall (%) 85.97 
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The Table 4.13 shows the measurements for each label of the classifier applied to the testing data. 

The classifier is using a linear kernel with the parameter present on Table 4.12. 

 

Table 4.13 - Classification metrics of each label for the linear kernel with 50 candles window. 

Label Precision (%) Recall (%) Count 
Up 87.36 91.57 87 

Sideways 89.13 80.39 138 

Down 72.06 85.96 68 

 

The Table 4.14 shows the testing results of the classifier using a polynomial kernel with the C and 

Gamma parameters chosen on the previous section. It is presented the average accuracy, precision and 

recall. 

 

Table 4.14 - Classification metrics for the polynomial kernel with 50 candles window. 

Parameters 
C 5 

Gamma 0.1 

Results 
Avg Accuracy (%) 85.32 

Avg Precision (%) 84.36 

Avg Recall (%) 85.13 

 

The Table 4.15 shows the measurements for each label of the classifier applied to the testing data. 

The classifier is using a polynomial kernel with the parameter present on Table 4.14. 

 

Table 4.15 - Classification metrics of each label for the polynomial kernel with 50 candles window. 

Label Precision (%) Recall (%) Count 
Up 85.23 90.36 88 

Sideways 87.16 84.31 148 

Down 80.70 80.70 57 

 

The Table 4.16 shows the testing results of the classifier using a RBF kernel with the C and Gamma 

parameters chosen on the previous section. It is presented the average accuracy, precision and recall. 
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Table 4.16 - Classification metrics for the RBF kernel with 50 candles window. 

Parameters 
C 10 

Gamma 0.1 

Results 
Avg Accuracy (%) 84.98 

Avg Precision (%) 83.80 

Avg Recall (%) 85.27 

 

The Table 4.17 shows the measurements for each label of the classifier applied to the testing data. 

The classifier is using a RBF kernel with the parameter present on Table 4.16. 
 

Table 4.17 - Classification metrics of each label for the RBF kernel with 50 candles window. 

Label Precision (%) Recall (%) Count 
Up 86.90 87.95 84 

Sideways 87.07 83.66 147 

Down 77.42 84.21 62 

 
The application of the classifier on the testing data shows that the three kernels achieved similar 

performances, since no kernel is capable of outperform the other two in the three major measurements, 

accuracy, precision and recall. Yet, the polynomial presents better results in the measurements of each 
label individually, since neither the precision nor the recall, fall under the 80% target for any of the labels. 

The overall decrease in precision for the downtrend can be explained by a lower label frequency or by a 

higher subjectivity on its definition. 

 

4.2.3  Window size of 20 candles 
 

In this section it is implemented a classifier with a 20-window size and it is displayed the results obtained 

from the grid search algorithm on the training data in section 4.2.3.1. In section 4.2.3.2, it is presented the 

results of the classifier applied to the testing data using the parameters that yield the highest score in section 

4.2.3.1. 

 

4.2.3.1 Grid search for 20 window approach 
 

The Table 4.18 shows the histogram of the best scores obtained for each iteration of each kernel during 

the grid search algorithm for a 20-window classifier. The grid search uses the K-Fold method to test the 
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classifier and it measures its performance through the average of the F1 scores of the three trends. From 

the three kernels, the RBF displays the highest scores. 

 

Table 4.18 - Histogram of grid search scores for 20-window. 

 
 
Table 4.19 contains the kernel parameters that yielded the best scores on average during the 

iterations for the grid search. It is displayed the results for each kernel.  

 

Table 4.19 - Grid Search results for 20 candles size window. 

Linear Parameters 
C 1 

Gamma NA 

Results 
Avg Score (%) 88.81 

Std Dev (%) 0.61 

 
Polynomial 
Parameters 

C 5 

Gamma 0.1 

Results 
Avg Score (%) 89.16 

Std Dev (%) 0.58 

 

RBF Parameters 
C 5 

Gamma 0.1 

Results 
Avg Score (%) 89.81 

Std Dev (%) 0.44 
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The RBF kernel, on average, yields a slightly better score using the best combination of parameters. 

In this case it is also the kernel with the lowest standard deviation of best scores. The best combination of 

parameters for C and Gamma seem to be under normal ranges and similar between kernels.  

 

4.2.3.2 Testing 20 window approach 
 

The Table 4.20 shows the testing results of the classifier using a linear kernel with the parameters 

chosen on the previous section. It is presented the average accuracy, precision and recall. 

 
Table 4.20 - Classification metrics for the linear kernel with 20 candles window. 

Parameters 
C 1 

Gamma NA 

Results 
Avg Accuracy (%) 89.58 

Avg Precision (%) 87.95 

Avg Recall (%) 92.19 

 

The Table 4.21 shows the measurements for each label of the classifier applied to the testing data. 

The classifier is using a linear kernel with the parameter present on Table 4.20. 

 

Table 4.21 - Classification metrics of each label for the linear kernel with 20 candles window. 

Label Precision (%) Recall (%) Count 
Up 84.27 96.15 89 

Sideways 96.45 83.44 141 

Down 83.12 96.97 77 

 

The Table 4.22 shows the testing results of the classifier using a polynomial kernel with the C and 

Gamma parameters chosen on the previous section. It is presented the average accuracy, precision and 

recall. 

 
Table 4.22 - Classification metrics for the polynomial kernel with 20 candles window. 

Parameters 
C 5 

Gamma 0.1 

Results 
Avg Accuracy (%) 89.58 

Avg Precision (%) 87.97 

Avg Recall (%) 91.96 
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The Table 4.23 shows the measurements for each label of the classifier applied to the testing data. 

The classifier is using a polynomial kernel with the parameter present on Table 4.22. 

 

Table 4.23 - Classification metrics of each label for the polynomial kernel with 20 candles window. 

Label Precision (%) Recall (%) Count 
Up 86.05 94.87 86 

Sideways 95.80 84.05 143 

Down 82.05 96.97 78 

 

The Table 4.24 shows the testing results of the classifier using a RBF kernel with the C and Gamma 

parameters chosen on the previous section. It is presented the average accuracy, precision and recall. 

 

Table 4.24 - Classification metrics for the RBF kernel with 20 candles window. 

Parameters 
C 5 

Gamma 0.1 

Results 
Avg Accuracy (%) 89.90 

Avg Precision (%) 88.36 

Avg Recall (%) 92.61 

 

The Table 4.25 shows the measurements for each label of the classifier applied to the testing data. 

The classifier is using a RBF kernel with the parameter present on Table 4.24. 

 

Table 4.25 - Classification metrics of each label for the RBF kernel with 20 candles window. 

Label Precision (%) Recall (%) Count 
Up 82.61 97.44 92 

Sideways 97.14 83.44 140 

Down 85.33 96.97 75 

 
The results from the classification of the testing data presented in this section shows that the RBF 

kernel outperforms by a small margin the accuracy, recall and precision of the linear and polynomial kernels. 

However, it is possible to recognize that the three kernels are equally successful in the classification of the 

three labels with values of precision and recall higher than 80% for any kernel and label. 
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4.2.4  Comparing different windows for the SVM classifier 
 

The Table 4.26 presents the best scores achieved for each window and kernel during the training 

phase. The best scores were chosen through the grid search method mentioned in sections 4.2.1.1, 4.2.2.1 
and 4.2.3.1. 

 

Table 4.26 – Column chart of the best scores during the training phase of the classifier. 

 
 

In the previous table it is possible to notice that the RBF kernel achieves the highest score for the 

three window’s sizes. Furthermore, the tables 4.2, 4.10 and 4.18, which represent the histogram of the grid 

search method for each window, show that the RBF has a distribution of scores higher than the other three 

kernels. Regarding the size of window used, it is visible that the 100 window size achieves higher scores. 
This can be explained by a more frequent overlapping of data between trend samples since the span of the 

trend is bigger, which leads to higher classification scores, or by more evident trends for larger periods.  

The Table 4.27 presents the average F1 scores achieved for each combination of window and kernel, 

using the best parameters gathered from sections 4.2.1.1, 4.2.2.1 and 4.2.3.1. 
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Table 4.27 - Column chart of the best scores during the testing phase of the classifier. 

 
 

This table shows that the results obtained are contained between a score range of 84% to 92%, which 

proves the success of the classifier regardless of the window or kernel used. However, the RBF kernel 

manages to outperform the other two kernels for the 100 and 20 window and matches the other kernels 

scores for the 50-window size. It is also possible to notice that the 50-window size approach underperforms 
in relation to the other two sizes, which might indicate that trends are less clear for that specific trend span. 

The difficulty of achieving higher scores might not be related with technical characteristics of the 

classifier, but rather with the subjectivity present on the classification of trends. Given the difficulty of defining 

a clear separation between uptrend and sideways or downtrend and sideways, the results obtained show 

that the classifier is capable of identifying a trend with a high rate of certainty. And based on the results 

displayed, the RBF kernel is a good choice for the classification of trends using the SVM classifier. 

 

4.3 Case Study – Impact of Trends in Strategy Optimization 
 

This case study deliberates the benefits of trend consideration during the process of strategy 

optimization. As explained in section 3.4, it is implemented the system presented in chapter 3, which can 

simulate a trading strategy using different strategies depending on the trend or it can simulate one strategy 

for all candles regardless of the trends observed. This means that the proposed system that includes the 
classifier will be compared against the same system without the classifier, that will be referred onwards as 

the trendless approach. By comparing the results from the two systems, it will be possible to gather some 

information on the possible advantages and disadvantages of optimizing different strategies depending on 

the current trend of the market. It is important to acknowledge that the main focus of this experiment is not 

aimed to get the best returns on investment possible, but rather to study the impact of trend consideration 

during strategy optimization. 
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Taking in consideration the importance of the classifier role, the system is implemented using the 

three different sizes for the classifier window. Based on the results of the previous case study, it is used the 

RBF kernel with the respective optimal values of C and Gamma for each window size. The trained classifier, 

using IBEX35 market data, from the previous case study is used as an universal classifier to classify the 

trends present on all the data used for the three markets since the principles of an uptrend, downtrend or 

sideways trend are unalterable. This means that the classifier used on this case study is previously trained 

using the data and best configurations for the RBF kernel gathered from the last use case. 
The two systems were tested for a sequence of eleven periods of one year each, starting from 2007 

up to 2018. For each period of tested data, the system was trained with all the available data from the year 

2001 until the beginning of the testing period. It was chosen a wide and cumulative period of training to 

ensure that the data used had enough information to create optimized strategies for each trend. It was also 

assumed that the use of more data would guarantee the creation of strategies that benefit from a better 

generalization since they would have to perform well in a wider number of years and thus reducing the 

possibility of overfitting a specific market behavior. The Table 4.28 summarizes the training and testing 

periods for each year. 
 

Table 4.28 - Training and testing periods for strategy optimization case study. 

YEAR TRAINING PERIOD TESTING PERIOD 

1 21/09/2001 - 21/09/2007 21/09/2007 - 21/09/2008 

2 21/09/2001 - 21/09/2008 21/09/2008 - 21/09/2009 

3 21/09/2001 - 21/09/2009 21/09/2009 - 21/09/2010 

4 21/09/2001 - 21/09/2010 21/09/2010 - 21/09/2011 

5 21/09/2001 - 21/09/2011 21/09/2011 - 21/09/2012 

6 21/09/2001 - 21/09/2012 21/09/2012 - 21/09/2013 

7 21/09/2001 - 21/09/2013 21/09/2013 - 21/09/2014 

8 21/09/2001 - 21/09/2014 21/09/2014 - 21/09/2015 

9 21/09/2001 - 21/09/2015 21/09/2015 - 21/09/2016 

10 21/09/2001 - 21/09/2016 21/09/2016 - 21/09/2017 

11 21/09/2001 - 21/09/2017 21/09/2017 - 21/09/2018 

 

The Table 4.29 contains a resume of the considerations decided for this case study. The main 

objective of this experiment relies on the trend classification approach, not on the trading strategy itself, 

consequently it was implemented a simple strategy mechanism. As explained on section 3.3, four technical 

indicators were used to generate the trading signals. Depending on the current state of the strategy and the 

trading signals generated, the strategy can decide if the current trading position should be change, as shown 
in Figure 3.15.  
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Table 4.29 - Capitulation of considerations for the strategy optimization case study. 

Markets SP500, DAX, NIK225 

Iterations 10 

Classifier 
 

 

Training Market IBEX35 

Kernel RBF 

Window Size 

100 

C 0.5 

Gamma 0.1 

Window Size 

50 

C 10 

Gamma 0.1 

Window Size 

20 

C 5 

Gamma 0.1 

Technical Indicators SMA, RSI, BB, BBW 

 

For this case study, as mentioned in section 3.5, three market indexes with distinctive characteristics 
were used with the objective of presenting consistent results under various markets through a wide number 

of years. In Figure 4.5, it is illustrated the price moves of the three markets from 2007 to 2018. In order to 

get results more robust, each simulation was performed 10 times and the results displayed on the following 

tables consists of the averages of those simulations.  

 



62 
 

 
Figure 4.5 – Price behavior for the three markets (SP500, DAX and NIK225). 

 

4.3.1  SP500 Index 
 

In this section it is analyzed the use of the two optimization approaches on the SP500 index from 

21/09/2007 up to 21/09/2018, representing a total of eleven years of testing. 

The Table 4.30 shows the returns obtained by the two methods in intervals of one year, as well as 

the total ROI of the entire period and the standard deviation of the yearly returns. Despite the fact that there 

is no method that consistently yields better yearly returns, it is possible to observe that the total returns on 

the strategy that ignores the trends is around two times higher when compared to the trend classification 

approach using any of the sizes for the window.  



63 
 

 
Table 4.30 - Testing results for the SP500 index. 

Year 
ROI For Trend Approach ROI For Trendless 

Approach 100 Window 50 Window 20 Window 

1 -0.15 0.00 0.00 0.04 

2 0.10 -0.08 -0.08 0.32 

3 0.02 0.04 0.07 1.11 

4 0.01 -0.03 0.08 -0.04 

5 0.11 0.14 0.07 0.04 

6 0.11 0.13 0.10 0.07 

7 0.16 0.06 0.11 0.13 

8 0.01 0.04 -0.05 -0.01 

9 0.04 0.09 0.06 0.10 

10 0.11 0.13 0.13 0.11 

11 0.02 0.02 0.11 0.04 

Total 0.64 0.64 0.76 1.32 

Std Dev 0.19 0.18 0.21 0.36 

 

The Table 4.31 shows the returns and number of trades obtained on the training phase for the two 

systems in intervals of one year. The results displayed show a clear pattern of consistent higher ROIs using 

the trend approach, suggesting that the creation of three different groups of rules allow for more flexibility 

and thus a higher level of adaptation for each trend. Additionally, there is a tendency for higher optimization 
results using larger windows on the classifier. Regarding the number of trades, it is not possible to recognize 

a differentiating pattern on the approaches considered. 

 

Table 4.31 - Training results for the SP500 index. 

Year  1 2 3 4 5 6 7 8 9 10 11 

Trend 
Approach 

100 Window 

ROI 1.57 2.55 6.14 7.50 7.75 7.81 10.65 13.34 13.91 16.43 17.05 

Nº 
Trades 

54 108 80 92 84 60 110 120 149 148 185 

Trend 
Approach 

50 Window 

ROI 1.78 2.73 5.53 5.13 6.49 7.69 10.11 11.66 10.43 13.70 14.73 

Nº 
Trades 

97 144 119 123 168 210 185 149 167 266 247 

Trend 
Approach 

20 Window 

ROI 1.48 2.39 5.00 5.42 5.62 8.52 8.89 10.24 9.73 10.06 12.48 

Nº 
Trades 

129 238 129 181 321 301 267 335 300 417 422 

Trendless 
Approach 

ROI 0.38 0.82 0.05 2.32 2.19 2.61 2.92 2.86 3.58 3.50 4.90 

Nº 
Trades 

80 137 37 184 225 219 238 344 241 397 207 
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4.3.2  DAX Index 
 

In this section it is analyzed the use of the two systems on the DAX index from 21/09/2007 up to 

21/09/2018, representing a total of eleven years of testing. 

The Table 4.32 shows the returns obtained by the two methods in intervals of one year, as well as 

the total ROI of the entire period and the standard deviation of the yearly returns. The results for the total 

returns reveal that the proposed method using a 50 and 20 candle window, outperformed the trendless 

approach by approximately 80% and 57% respectively. However, for the 100 window the system suffers a 
sharp loss in performance since it ends with an 18% loss.  

 

Table 4.32 - Testing results for the DAX index. 

Year 
ROI For Trend Approach ROI For Trendless 

Approach 100 Window 50 Window 20 Window 

1 0.00 -0.18 -0.08 -0.17 

2 -0.12 0.21 0.04 0.16 

3 -0.07 0.14 -0.12 -0.03 

4 -0.03 -0.13 -0.12 -0.03 

5 -0.06 0.18 0.20 0.19 

6 -0.02 0.12 -0.01 0.02 

7 0.17 0.13 0.11 0.10 

8 -0.11 -0.04 0.05 -0.15 

9 0.00 0.00 0.10 0.03 

10 0.14 0.08 0.17 0.17 

11 -0.04 -0.09 0.00 -0.01 

Total -0.18 0.38 0.33 0.21 

Std Dev 0.10 0.16 0.14 0.13 

 

The Table 4.33 shows the returns and number of trades obtained on the training phase for the two 

systems in intervals of one year. The trend classification approach shows significantly higher returns with 

any of the windows when compared with the trendless approach. Moreover, there is also a clear pattern of 
a higher number of trades with the trend approach. These two findings suggest that the use of the classifier 

contributes to a better adaptation of the trading strategies to the training data. 
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Table 4.33 - Training results for the DAX index. 

Year  1 2 3 4 5 6 7 8 9 10 11 

Trend 
Approach 

100 Window 

ROI 4.18 5.80 8.17 9.68 11.96 10.36 8.64 13.71 10.30 11.30 14.14 

Nº 
Trades 

56 48 38 63 77 44 114 57 91 170 138 

Trend 
Approach 

50 Window 

ROI 7.06 7.22 10.26 15.72 12.51 17.31 23.13 23.46 27.02 27.04 26.48 

Nº 
Trades 

46 71 93 97 107 121 128 171 142 191 147 

Trend 
Approach 

20 Window 

ROI 6.37 6.42 8.29 8.69 10.11 11.22 12.18 13.24 13.12 14.90 16.40 

Nº 
Trades 

144 201 184 197 202 282 274 304 257 248 380 

Trendless 
Approach 

ROI 1.12 0.51 0.88 1.13 0.87 2.33 2.29 3.08 2.37 1.74 3.46 

Nº 
Trades 

32 28 25 32 64 57 61 67 39 56 63 

 

 

4.3.3  NIK225 Index 
 

In this section it is analyzed the use of the two optimization approaches on the NIK225 index from 

21/09/2007 up to 21/09/2018, representing a total of eleven years of testing. 

The Table 4.34 shows the returns obtained by the two methods in intervals of one year, as well as 
the total ROI of the entire period and the standard deviation of the yearly returns. Through the examination 

of Table 4.34, it is again shown that the trend approach has a better performance at the end of the eleven 

years for the 50 and 20 candle window, despite having a worse performance with the 100 window. For this 

market, there is a clear dominance of the 50 candle window since it is able to yield more than 8 times the 

returns of the trendless approach and almost 7 times the returns of the 20 candle window.   

 

Table 4.34 - Testing results for the NIK225 index. 

Year 
ROI For Trend Approach ROI For Trendless 

Approach 100 Window 50 Window 20 Window 

1 -0.12 0.06 0.00 -0.11 

2 -0.15 -0.08 -0.10 -0.09 

3 -0.04 0.03 -0.06 -0.03 

4 -0.05 0.05 -0.06 -0.02 

5 0.10 -0.05 -0.04 0.01 

6 -0.02 0.38 0.10 0.16 

7 -0.01 0.08 0.12 0.00 
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Year 
ROI For Trend Approach ROI For Trendless 

Approach 100 Window 50 Window 20 Window 

8 -0.02 0.09 -0.04 -0.10 

9 -0.07 0.17 0.22 0.07 

10 0.08 0.08 0.00 0.10 

11 0.08 0.12 0.10 0.19 

Total -0.22 1.28 0.19 0.15 

Std Dev 0.10 0.36 0.11 0.11 

 
The Table 4.35 shows the returns and number of trades obtained on the training phase for the two 

systems in intervals of one year. In accordance with sections 4.3.1 and 4.3.2, during the training phase, the 

returns obtained with the trend approach are several times higher in comparison with the trendless 

approach. This emphasizes the ability of a higher strategy adaptation to the data when the trends are 

considered. 

 
Table 4.35 - Training results for the NIK225 index. 

Year  1 2 3 4 5 6 7 8 9 10 11 

Trend 
Approach 

100 Window 

ROI 3.36 3.51 4.32 4.66 3.90 5.93 7.99 10.24 10.61 10.75 12.23 

Nº 
Trades 

42 41 56 69 64 68 59 109 94 104 270 

Trend 
Approach  

50 Window 

ROI 3.63 4.26 3.86 6.41 6.83 7.99 15.56 16.07 17.26 24.91 23.28 

Nº 
Trades 

33 56 72 35 91 64 70 126 154 137 175 

Trend 
Approach 

20 Window 

ROI 4.21 4.00 4.54 4.03 6.03 6.08 10.84 14.08 13.07 24.67 20.64 

Nº 
Trades 

91 98 107 107 219 95 86 177 164 310 182 

Trendless 
Approach 

ROI 0.37 0.33 0.59 0.43 0.61 0.22 1.94 1.85 1.35 2.04 2.42 

Nº 
Trades 

47 40 45 27 60 118 68 74 100 111 113 

 

 

4.3.4  Comparing strategy optimization with and without trends 
 

The method using the trends is capable of outperform the trendless approach for the DAX and NK225 

markets when it is implemented a 20 or 50 candle window size. However, for the SP500 market, the 

trendless system yields substantially higher returns with the trendless method. The results also show that 

the size of the window chosen for the classifier has a severe impact on the system performance.   
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For the three markets tested, the trend approach using a window of 100 candles, consistently shows 

worse results in the total returns observed at the end of the eleven years. Yet, for smaller windows, the 

trend approach surpasses the trendless method by 80% and 57% for the DAX market and 850% and 27% 

for the NIK 225 using a 50 and 20 candle window size respectively. For the SP500 market, despite an 

increase of 19% in performance of the trend system by reducing the window size from 100 to 20 candles, 

the trendless approach seems to outperform the system by a long margin of more than 200%. One 

explanation for this phenomenon could be the SP500 price behavior, characterized by low oscillations and 
a prevalent up trend that compromises the utility of a system that tries to cope with rapid changes on the 

market conditions. 

By observing the training results, it is possible to recognize a pattern, in which the returns obtained 

by the trend approach during the training phase are several times higher when compared with the trendless 

approach. The returns are consistently higher throughout the years for the three markets due to the increase 

of data used for the training process. 

In behalf of these findings, it seems that the three strategies created by the trend approach are able 

to adapt more efficiently to the training data using the same mechanisms of technical analysis. Yet, these 
higher training returns do not translate directly to better performances during the testing phase in every 

case, indicating that the trend strategy is more prone to the creation of over fitted strategies.  

 

4.4 Chapter Conclusion 
 

This chapter covered two different case studies, providing results and interpretations that help 

integrating a trend classifier in the process of strategy optimization for the stock market. The first case study 

was focused on the parameters of the classifier and the goal was to study the impact caused on its 
classification capability. The classifier shows a good ability of market trend classification despite the 

subjectivity in the identification of trends. The second case study aimed to analyze the impact of the classifier 

on the creation of trading strategies, by comparing a simple strategy optimization approach with a trend 

specific strategy optimization using different sizes for the trend windows. The results show a possible 

advantage in using the use of the proposed system when compared with a traditional approach. 
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5 Conclusion 
 

This work examines the impact of implementing a classifier in the optimization of trading strategies. 

For the markets and periods considered during the experiment, it is not possible to conclude with certainty 

that the classifier increases the system performance. Nevertheless, the results show that it is possible that 

this system offers more flexibility to changes on the market and thus being more profitable under certain 

circumstances. 

Regarding the classifier, this work presents three different sizes for the collection of candles that form 
a trend. The results obtained suggest that the size of the window have a low impact on the classification 

since the average accuracy, recall and precision remain high on the three cases tested. A comparison 

between the three kernels used by the classifier indicate that the patterns are easy to identify and 

consequently a simpler kernel is acceptable. The high values obtained for the accuracy, precision and recall, 

are a sign of the success achieved by the classifier and part of the misclassification of some trends can be 

blamed on the subjectivity of such classification. 

The proposed system showed a better performance when compared to a blind strategy optimization 
for two of the three markets tested. Yet, it also shown that the size of the window used for the trend 

classification has a big impact on the system performance. The results show that the medium sized window 

has the best returns and that a higher window size greatly affects the profitability of the system. The reason 

for the success of the hybrid system can be explained by the rapid adaptation to the market conditions by 

shifting between strategies that are better optimized to the specific trend present. The effectiveness of this 

system can be compromised when under a market that remains steadily under the same market conditions 

during a long period. 
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