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In this work we compare the prediction 
performance of three optimized technical indicators 
with a Support Vector Machine Neural Network. For 
the indicator part we picked the common used 
indicators: Relative Strength Index, Moving Average 
Convergence Divergence and Stochastic Oscillator. For 
the Support Vector Machine we used a radial-basis 
kernel function and regression mode. The techniques 
were applied on financial time series brought from the 
Swedish stock market. The comparison and the 
promising results should be of interest for both finance 
people using the techniques in practice, as well as 
software companies and similar considering to 
implement the techniques in their products.  

 
.H\ZRUGV� Financial time series, Indicator 
Optimization, Support Vector Machines, Prediction. 
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Today there exist several techniques for analyzing and predicting the future in a large 
amount of domains, for example in financial markets with stocks, exchange rates, raw 
material, electricity supply rates etc. In this work the financial markets is what we focus at 
but predictions of time series like water consumption, unemployment ratios and harvest of 
different crops etc. also exist. 
 
There exist many forecasting techniques such as traditional statistical approaches like 
ARIMA and Hidden Markov (linear models) but also different machine learning approaches, 
such as artificial neural networks (see chapter 2). 
 
In the financial market technical analysis is a popular way to analyze time series. One way of 
performing it is the identification of different patterns that often occurs before sudden price 
drops etc. Another way of performing technical analysis is to use indicators. Basically they 
are calculations of the data history and they are compared with different values with purpose 
to generate buy, hold and sell signals. 
 
The main question in this work was whether machine learning approaches had been 
compared with traditional technical indicators or not. Something discovered in the survey to 
be not the case, therefore a comparison is carried out between three common used indicators: 
Relative Strength Index, Moving Average Convergence Divergence and Stochastic 
Oscillator and a Support Vector Machine Neural Network (SVM). The latter was picked 
because it has the promising feature it provides a way to determine the minimal network 
model describing the data [Haykin 1999], but also because it has not been explored as much 
as many other neural networks in the domain. To make it more challenging for the SVM, we 
will first optimize the indicators. 
 
The report is structured as followed: 
 

• In the %DFNJURXQG chapter (chapter 2) the result of the literature survey is stated. The 
survey was necessary to get the grip of this complex domain and to investigate what 
has been done in research. 

 
• In the 3UREOHP� GHILQLWLRQ chapter (chapter 3) we define and motivate the 

problem/uncertainty to solve discovered in chapter 2, which was the lack of 
comparison between artificial neural networks and optimized technical indicators. 

 
• In the 3UH�SURFHVVLQJ chapter (chapter 4) everything is stated about what was done 

with the data before feeding it to the SVM. The pre processing involves split 
corrections, detrending, partitioning, rescaling and principal component analysis 
(PCA). The latter is a way to determine the right input dimension to the SVM. 

 
• The 690 chapter (chapter 5) contains a short SVM introduction giving the reader a 

picture of the idea behind SVM. It also contains information about the SVM library 
used and the different kernels and modes tried out as well as the prediction results. 

 
• In the 7HFKQLFDO�LQGLFDWRUV chapter (chapter 6) we present the indicators used in the 

comparison as well as the optimization and results of them. 
 

• The (YDOXDWLRQ chapter (chapter 7) contains all information about how the 
comparison between the optimized technical indicators and the SVM predictions 
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were carried out. The results from the comparisons are stated in both tables and 
diagrams. 

 
• In the )XUWKHU�ZRUN chapter (chapter 8) we discuss things in the report that lies out 

of scope of the problem definition but however are close related to the work. For the 
readers it can bring ideas for future implementation and research. 

 
• In the &RQFOXVLRQ chapter (chapter 9) we discuss the meaning of our comparison 

results, and what conclusions can be drawn from it. 
 

• In the 5HIHUHQFHV chapter (chapter 10) all reference sources like books, articles and 
web pages are stated. 
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During the last three decades lots of research has been made in the prediction of time series, 
which basically means a sequence of data related to time. Useful data suitable for prediction 
can be found in many different domains, in finance the data often origin from stock markets 
and foreign exchange among others. 
  
From the beginning the research has mainly been done in the domains of Econometrics and 
Finance, where different linear approaches has grown through techniques like for example 
ARIMA and Kalman filters. The former stands for Autoregressive Integrated Moving 
Average model, which is a linear nonstationary model. With different operators it converts 
the data to stationary which basically means excluding trends and seasonal effects, which 
often occurs in time series [Chatfield 1989]. The latter dates from the sixties and was first 
introduced by Kalman and assumes each state variable to be distributed according to a 
Gaussian distribution, a new state can then be calculated as a linear function from the 
previous ones [Chatfield 1989]. 
 
Hidden Markov models can also be worth some attention. They are stochastic processes 
generated by an underlying Markov chain and a set of observation distributions associated 
with its hidden states. The Markov chain is a process of random variables where n+1 is 
dependent of n but not the previous values [Rabiner and Juang 1986]. 
 
In financial data it has however been shown that there exist nonlinearities [Bollerslev, Chou 
and Kroner 1992]. Prediction of this kind of data has shown to be suitable for the computing 
science domain, with its continually increasing computing power and maturing areas of 
artificial intelligence and machine learning. However, the linear methods still provide good 
forecasting in financial markets in many cases. Therefore the research so far has mainly been 
focused in comparing nonlinear machine learning approaches with these econometric widely 
used linear models. For example have Shang-Wu [Shang-Wu 1999] and Moshiri and 
Cameron [Moshiri and Cameron 2000] shown that artificial neural networks in some cases 
outperforms traditional econometric models such as the ARIMA. During the last decade 
some research in comparing different nonlinear machine learning methods has been made as 
well [Vila, Wagner and Neveu 2000]. 
 
Some researchers mean that financial time series are not always possible to predict, by this 
the random walk dilemma is introduced. Basically this dilemma means that the time series 
behave like a random walk, i.e. unpredictable. For example Sitte and Sitte have shown that 
some time series may behave like a random walk [Sitte and Sitte 2002], though many other 
researchers have shown it is possible to predict the time series to a certain degree, for 
example Shang-Wu [Shang-Wu 1999], Schwaerzel and Rosen [Schwaerzel and Rosen 
1997]. This hints about some extent of uncertainty in the domain, because of the researchers 
somewhat different opinions. 
 
There are several different machine learning approaches in forecasting financial time series. 
For example Evolutionary Programming with its similarities to the biological systems, here 
we also count genetic algorithms. Some usability for these kinds of methods is explained 
later in this chapter. Another approach for time series prediction is Bayesian learning which 
provides a probabilistic approach to classification and prediction, for example with the Naive 
Bayes Classifier and Bayesian belief networks [Mitchell 1997]. 
 
However most attention in machine learning time series prediction has artificial neural 
networks got. This is due to their abilities to catch nonlinearities, thanks to its multilayer 
architectures and sigmoid units [Bishop 1995] [Haykin 1999]. As one of several solutions 
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Neural Networks have been shown to be robust with noisy time series data as well; 
something that accords to financial time series that sometimes includes corrupt data. 
 
There exist several versions of neural networks and many of these have been applied to time 
series in research. The most common type is the back propagation neural network, basically 
a directed multilayer network with a backpropagation algorithm that trains and optimizes the 
network weights [Mitchell 1997]. Recurrent Neural Networks is another type that employs 
feedback connections and address temporal relationships to the networks [Giles, Lawrence 
and Tsoi 2001]. A self organizing map differs from the others and its structure of neurons is 
like a grid, it is based upon competitive learning where neurons are competing about being 
the output [Giles, Lawrence and Tsoi 2001]. Finally Support Vector Machines try to separate 
positive and negative examples to a maximum and it is an implementation of the method of 
structural risk minimization related to statistical learning theory [Haykin 1999]. 
 
Forecasting of time series can be very complex and research has been made how to optimize 
and improve the neural networks. For example the evolutionary programming has with its 
genetic algorithms in some cases been proved to work better than the more common 
backpropagation training algorithm [Dorsey and Sexton 1998]. Another approach for 
improving the predictions is to build ensembles of the networks [Schwaerzel and Rosen 
1997]. 
 
Many different kinds of time series inputs can be used in neural networks [Kuo, Lee and Lee 
1998] [Shang-Wu 1999]. It is not always suitable to use the raw data itself, another solution 
can be to use different calculations such as average values, differences etc. Genetic 
algorithms can for example be used for finding what kind of input data is relevant and what 
data is not [Sexton 1998]. It is also important to pre-process the data before using it in the 
network [Aussem, Campbell and Murtagh 1998] [Hansen and Nelson 1998], for example one 
idea can be to neutralize trends to achieve better prediction results since the patterns will be 
more uniform. Decisions also have to be made about which data to use in training and which 
data to use in tests. The way to choose input data and pre-process it is very crucial for the 
prediction of time series. 
 
The most common type of data used in published research is stock indices on a daily basis 
which mean that for example the last transaction before the market closes is gathered, but it 
can also be the highest, lowest transaction value or the transaction volume for the day etc. In 
general indices data is not so fluctuate. If dealing with intraday data (real-time) you will have 
different time periods between different actions, since as soon as an actor places a bid or ask 
in the market it will result in a change. Time deformation is one solution in how to convert 
the according to time irregular time series into regular ones [Le For and Mercier 1998]. 
 
The predictions can be made for many different time periods; the most common forecasting 
method is to forecast one step ahead, which means forecasting for the following day. But for 
some types of time series it can be a better idea to predict longer periods than one day [Lam 
and Lam 2000]. Imagine for example that you want to hold your assets for at least one week; 
then a five step ahead prediction should be a better approach, note however that longer 
predictions are less reliable than one day predictions. All this tells us that predictions can be 
very complex since it can be done in so many different ways according to both input and 
output of the network. 
 
To be successful in trading it is not enough to have a good tool for predictions; you must also 
implement good trading strategies, for example using stop-loss functions to minimize the 
loss [Towers and Burgess 1999] [Tsang and Lajbcygier 1999]. Some research has also been 
made in finding the best combination of trading strategy parameters etc [Mehta and 
Bhattacharyya 1999], for example with genetic algorithms to optimize the parameters for 
best buy and sell decisions. 
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Some totally different approaches in forecasting financial markets have also been explored, 
for example with news collected as textual data from the web [Wuthrich, Cho, Leung, 
Permunetilleke, Sankaran, Zhang and Lam 1998]. This experiment showed very promising 
results. 
 
Optimizations and improvements of different prediction techniques are made continuously 
and sometimes also new approaches are born in hope to find a better prediction technique. 
Due to the wide range of input possibilities, prediction techniques as well as the trading 
strategies there are still many things that have not been investigated. 
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Several comparisons have been carried out between different approaches in financial time 
series prediction the last years, which is stated in the previous background chapter. However 
no comparisons have been carried out between nonlinear time series prediction models and 
an optimized classical technical analysis approach. 
 
Some close related articles exist though, for example the article by Stephen et al. which 
describes a way to combine classical technical indicators and a radial basis neural network to 
generate more accurate buy/sell signals [Stephen, Chu, Lam and Lam 2000]. In another 
research project Chan and Teong are using a back propagation feedforward network in the 
prediction and then apply technical indicators to the forecasted value. They compare the 
generated signals from the indicators with signals generated by indicators without first using 
the neural network prediction, the result hints about significant improvements in trading 
[Chan and Teong 1995]. However these indicators were not optimized and the indicators 
were not explicit compared to the neural network prediction. Leigh, Purvis and Ragusa wrote 
an article about combining neural network predictions and classical technical analysis; in 
their research the neural network was used for recognizing the bull flag pattern [Leigh, 
Purvis and Ragusa 2001]. 
 
These articles hint a combination of neural networks and the classical technical analysis can 
be more profitable than using them apart. In general the more combinations of techniques 
and inputs you will have, the better and more accurate predictions you will get. But it is time 
consuming to build an optimal solution; in reality it is not likely that you are able to include 
all kind of possible input, techniques and optimization that exist. Therefore it is useful to 
know which of the two approaches gives the best results, no matter what you will use 
combinations or not. 
 
Classical technical analysis is a widely used technique when generating buy and sell signals 
in the stock market. One way to carry this out is to identify different formations in the charts; 
these formations might tell us the direction of the future. In classical technical analysis there 
also exist technical indicators, basically an indicator is a series of data points derived by 
applying a formula to the price data of a security. Then it is possible to compare its values 
with parameters that set the bounds for overbought and oversold to get buy/sell signals 
[Stock Charts 2003]. The indicators we will use in the comparison are Relative Strength 
Index, Moving Average Convergence Divergence and Stochastic Oscillator [Stock Charts 
2003]. We picked these because they are well known and often used in practice. The 
parameters for technical indicators are suitable for optimization, for simplicity we will 
accomplish the optimization with a try-out of all possible combinations of indicator 
parameters. Another optimization approach could have been to use genetic algorithms. 
 
The optimized indicators will be compared to the predictions of a Support Vector Machine 
Neural Network. The reason for using a Support Vector Machine (SVM) is that these kinds 
of networks have not been explored as much as the other network models in time series 
prediction, hopefully we can come up with something useful from this. Support Vector 
Machines also provides a good way to determine the minimal network model describing the 
data [Haykin 1999]. 
 
The time series data needed for training and evaluation is brought from the Swedish stock 
market from January 1998 to February 21st 2003 on a daily basis. To make the predictions 
more challenging we will instead of indices use the three securities Ericsson (ERIC), Volvo 
(VOLV) and Swedish Match (SWMA). These are more volatile than indices and have all 
different growth and trends. 
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Figure 4.1: The original daily basis time series for Swedish Match 
 

 
Figure 4.2: The original daily basis time series for Volvo B 
 

 
Figure 4.3: The original daily basis time series for Ericsson B 
 
The original time series for the Ericsson stock has two gaps 1998-05-25 and 2000-05-08. 
These are due to one bonus issue and one split [www.ericsson.com]. A 4:1 split means for 
example that a shareholder will receive four new shares for every old one in property. The 
result will be that the price of the shares will fall to about a fourth of the old price. 
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Basically the point of a split is to make it possible even for small investors to trade in the 
stock, which can be hard if the price is high and trading is made in large blocks. For the 
Swedish Match and Volvo stocks we do not have to correct for splits. 
 
 

 
Figure 4.4: Ericsson B with corrections made for split 
 
The split correction is basically just a division of the data by the amount of new stocks 
received from an old one. 
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The reason for removing trend and make the time series stationary is that we want our 
support vector machine to approximate the small differences that can be an advantage in 
short-term. With a trend included this will influence the approximation too much [Chatfield 
1989]. However trends are important features in the technical analysis approach and must 
therefore be kept. Remember that the pre-processing parts in chapter 4.2 – 4.5 are carried out 
just for the SVM approach. 
 
The filtering technique used is called differencing and converts the original series {x1,…,xN} 
to a new series { y1,…,yN-1} by Yt=xt+1-xt= xt+1  

 
Figure 4.5: Swedish Match after detrending 
 

 
Figure 4.6: Volvo B after detrending 
 

 
Figure 4.7: Ericsson B after detrending 
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In figure 4.7 we can see that the detrended time series in the middle has a significant higher 
variance than in the beginning and end. This period is equal to the boom, when stocks 
particular in the internet and telecom business were going up several hundred percent. The 
falling period that followed is also affected by this high variance. 
 
When a time series has this kind of structure as described above, the right way is to partition 
it. Then we can train the neural networks with the partitions separately and achieve less 
learning error. The time series was partitioned into three different parts, the first and third 
partitions are stable and may be concatenated, and the second partition is the one with high 
variance and should be dealt with separately.  
 
In figure 4.5 we can notice an increasing variance from January 2001 for Swedish Match, 
which means a partitioning is the right way also in this stock. The Volvo stock does not have 
to be partitioned.  
 

���� 5HVFDOLQJ�
 
To make the time series suitable for input into a neural network we have to rescale it. We 
want to keep the mean close to 0, but the highest and lowest data are not allowed to go 
outside 1 and -1. As we could see in Figure 4.5 – 4.7 all of them have data outside this range. 
 
To rescale a partition we pick a multiplier value that transforms the lowest data value to -1 
and then multiplies all data with this value, the result from the first Ericsson partition is 
shown in Figure 4.8 below. The other rescaled partitions have a similar look. 
 

 
Figure 4.8: Ericsson B partition 1 rescaled 
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Principal Component Analysis (PCA) is a linear procedure to find the direction in input 
space, where most energy of the input lies. PCA belongs to the category self-
organized/unsupervised learning, because of its ability to learn without prior knowledge 
(supervised). It is based upon Hebbian learning which is one of the oldest learning rules and 
derives from the ideas by neuropsychologist Hebb (1949). 
 
PCA can be used in many domains, for example it is a standard technique used for data 
reduction in statistical pattern recognition. Another example is to compress images with a 
trained network. We are using PCA as the last part of the pre-processing to find the input 
dimension that describes most of the data, and then we are using this dimension size as input 
to the support vector machine. 
 
The generalized Hebbian algorithm is the one we are using for this PCA, it trains a 
feedforward neural network with a single layer of linear neurons, and it has fewer outputs 
than inputs. The only thing that needs training in the network is the weights, and the 
computations are simple. 
 
The first thing to do is to initialize the synaptic weights in the network to small random 
values. The learning parameter also has to be set. 
 
Then we are calculating the weights according to the equations below: 
 
yj(n) = wji(n)xi(n) 
 

wji�Q�� � \j(n)[x’i(n)-wii(n)yj(n)] 
 
Where: 
[�LV�WKH�LQSXW�RI�WKH�LWK�GLPHQVLRQ�
\�LV�WKH�RXWSXW�RI�WKH�MWK�QHXURQ�
[¶�LV�WKH�PRGLILHG�LQSXW�E\�WKH�SUHYLRXV�QHXURQ�
Z�LV�WKH�ZHLJKW�
�LV�WKH�OHDUQLQJ�UDWH�

7KH�VLJQ� �PHDQV�³VPDOO�FKDQJH´��ZKLFK�PHDQV�VPDOO�FKDQJHV�WR�WKH�ZHLJKWV�
 
This is continued until the weights reach a steady state [Haykin 1999]. 
 
In the trained network the weight values for each synapse between a neuron and its input is 
equal to a principal component. In the network the principal components are created in order 
of decreasing variance, so the first component accounts for the most variance in the data, the 
second less, and so on. Each of them except the first one is orthogonal to the previous 
component, since it uses data from the previous one in the weight updates. 
 
As mentioned earlier the reason for using PCA in our case is to find the best input dimension 
to the support vector machine. To find the best input dimension we iterate the algorithm for 
different kind of dimensions from 1 to 20, and then we can analyze the result. 
 
In the execution of the algorithm we had the learning-rate parameter set to 0.01, and the 
amount of neurons in the network was the same as the input size. We found out that in 
general an input size of 4 was the best choice because the principal components didn’t 
increase substantial with more input. That means that the 4 first principal components 
described most of the variance of the data. This is shown in figure 4.9, which is a good 
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example when the PCA analysis works well. In the third partition for the Ericsson time series 
we had some problem with the PCA though. In figure 4.10 we can see that there is no 
obvious dimension where the eigenvalues are decreasing more than the others. But since we 
do have some decrease between the fourth and fifth dimension and this has shown to be the 
best choice for the other partitions, we will use a four dimension input to the support vector 
machine also on the third partition. 
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Figure 4.9: PCA applied to Ericsson B partition 2 
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Figure 4.10: PCA applied to Ericsson B partition 3 
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A support vector machine (SVM) is a linear machine but with some properties that enables it 
to deal with non-linear data. Its theory has been developed by V.N Vapnik and others and 
dates from 1992. It can be used for both nonlinear pattern classification and regression which 
mean an estimation of the future value. 
 
One of the main building blocks in the SVM is the kernel. A map function transforms the 
input data into feature spaces which describes the data in a more suitable way. The kernels 
are then transforming the feature spaces with their inner-product functions, to be able to 
separate the input data. 
 
There exists different kind of kernel functions, for example the polynomial kernel, which is 
called polynomial because of the decision boundaries in input space which follows a 
polynomial curve. Radial basis and sigmoid functions are other common kernels. All of them 
are implemented in the LIBSVM, see chapter 5.2 for information about their inner-product 
calculations. 
 
In ANN it is important to have a proper network design; with SVM the main decision will be 
to decide which kernel to use, the design of the network will be extracted from the feature 
space automatically. The support vectors are those data points extracted from training data 
that lie closest to the decision surface. The methodology of SVM provides a method to 
determine the minimal neural network model that describes the data, in some other networks 
you have to design in a heuristic way. The extracted support vectors are a subset of the input 
data, and they contain enough information to represent the complete data-set [Vapnik 1995]. 
 
The goal of a support vector machine is to find a hyperplane for which the separation margin 
in the feature space is maximized (optimal hyperplane). For example in pattern classification 
the SVM minimizes the number of training examples that fall inside the margin of positive 
and negative ones respectively. The approach differ a lot with for example the Back-
propagation algorithm which works with mean-square errors in training. 
 
It is important to keep eventual noise in the input data because it is needed for penalties, if 
removed it will not give the same optimal hyperplane for the real data. The support vector 
machine is based upon the Vapnik and Chevronenkis theory of generalization. 
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To be able to find the optimal hyperplane that minimizes the probability of classification 
error averaged over a training set. We can summarize the procedure in two steps: 
 
1. Nonlinear mapping of the input data into a high-dimensional feature space 
2. Construction of an optimal hyperplane based upon the feature space for separating the 
input data  
 
There exist some differences between classification and regression. Basically regression is 
more difficult than pattern classification because the outputted prediction is not a discrete 
value like in classification. 
 
To make regression possible the SVM needs a loss function that ignores errors within a 
certain distance from the true value. It means that a training error will not affect the cost 
parameter if it falls inside that margin. The function is called the -insensitive loss-function, 
and it is minimized by the learning algorithm in training. There also exist a parameter 
measuring the trade-off between complexity and losses, in LIBSVM called C. 
 
The support vector learning algorithm operates in batch mode which is different from 
example in the feed-forward network applied back propagation algorithm. The latter operates 
in sequential-mode sometimes also called on-line, pattern or stochastic-mode which means 
that the weight updating in the network is performed after the presentation of each training 
example. The batch-mode updates the weights in the network after presentation of all 
training examples in a training-set. 
 
SVM can sometimes be very computationally power demanding compared with for example 
back-propagation for very large training sets with high dimensions. Because there is no 
control over the number of data points selected by the learning algorithm to use as support 
vectors. There is no provision for incorporating prior knowledge about the task at hand into 
the design of the learning machine either. There exist however some approaches for dealing 
with that problem. If we want to take advantage of prior knowledge, one way can be to add 
an additional term to the cost function. Another way to include prior knowledge is to use 
virtual examples, with artificially enlarged training data. 
 
To get into details with SVM and its theories and algorithms, there exist several books about 
the subject. For example: An introduction to Support Vector Machines [Cristianini and 
Shawe-Taylor 2000] or Neural Networks a Comprehensive Foundation [Haykin 1999]. 
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���� 3UHGLFWLRQ�$FFRPSOLVKPHQW�
 
Instead of implementing a SVM of our own, we are using a library called LIBSVM 
[LIBSVM; 2003]. LIBSVM is a C++/Java library with many different features (see SVM 
types and Kernel functions); it is compatible with for example the free software licence GPL. 
The basic training algorithm is a simplification of several other SVM algorithms, such as 
SMO [Platt 2003] and SVMLight [Joachims 2003]. For details about LIBSVM and its 
features and implementation, see the paper written by Chang and Lin [Chang and Lin 2001]. 
 
LIBSVM Types: 

• C-SVC (classification) 
• nu-SVC (classification) 
• one-class SVM (distribution estimation) 
• epsilon-SVR (regression) 
• nu-SVR (regression) 

 
The nu versions are basically working in the same way as the original classification and 
regression type respectively, but some improvements have been made with the parameters 
such as the relation to the ratio of support vectors and ratio of training error [Chang and Lin 
2001]. 
 
LIBSVM Inner-Product Kernel functions (K(x, xi), i = 1, 2, … , N): 

• linear: x'*xi 
• polynomial: (gamma*x'*xi + coef0)^degree 
• radial basis function: exp(-gamma*|x-xi|^2) 
• sigmoid: tanh(gamma*x'*xi + coef0) 

 
LIBSVM Parameters: 

• Degree : set degree in kernel function (default 3) 
• Gamma : set gamma in kernel function (default 1/nr of attributes in input data) 
• Coef0 : set coef0 in kernel function (default 0) 

 
To make it easy we will apply the default values to involved parameters and skip parameter 
tuning. We will try out both classification and regression with radial basis and sigmoid 
kernels, we will not use the linear kernel because we want to have the nonlinear features 
[Bollerslev, Chou and Kroner 1992] [Shang-Wu 1999] [Moshiri and Cameron 2000]. Among 
the SVM types we are using the nu versions, since they are improvements of the others. Also 
the polynomial kernel was tried out but not in the main comparison (see table 5.1), since the 
others generated a bit better predictions. 
 
Before execution of the SVM we had to generate prediction example train and test sets based 
upon input dimension 4, found out in the PCA to be the best choice (see chapter 4.5). How 
the examples are extracted is shown below: 
  
n1-n4, n2-n5,… ,n(ps-3)-nps , ps = partition size 
 
The prediction example set is partitioned into these training and test sets. The majority of the 
examples should be put into the training set because it influences how much the SVM will be 
able to learn. As can be seen in the TRAIN% column in table 5.1, we executed the SVM 
with three different training sizes. 
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The examples are moved from the example set to the training and test sets one by one in a 
random way, the reason is to eliminate eventual relationships that may occur in the time 
series. Imagine if we picked the first 80 percent for training and the last 20 percent for 
testing. If we then had somewhat different formations in the end of the time series, due to an 
underlying cause such as bad news from the company behind the stock. We were predicting 
something that could have been different from what the SVM learnt, which probably will 
result in less prediction correctness. The random function generalizes the training and testing 
a bit. Note that the partitioning in the pre-processing part (see chapter 4.3) also deals with 
this kind of problem. 
 
Each kind of SVM configuration tried out were executed 20 times for each of the 6 time 
series partitions, for each of them both the training and test set were predicted. It was shown 
that in average the train and test sets were predicted with the same correctness. At a first 
glance it can seem a bit strange that the training set was not substantial better, since it is 
exactly the same set as when it was used for training the SVM. This phenomenon is due to 
the random function used when creating the train and test sets described earlier. The total 
amount of up and down predictions generated by the different configurations for the next day 
is presented in table 5.1, the correctness is also presented. 
 
The BUY and SELL columns are synonymous to the up and down predictions respectively, 
and tell us how many signals were extracted in total. The CORR-B column tells us how 
many of the up predictions were correct and CORR-S tells us the amount of correct down 
predictions. The % column to the right tells us about the total correctness for the predictions. 
�
�
690�7<3(� .(51(/� 75$,1�� %8<� &255�%� 6(//� &255�6� ��
Regression Radial Basis 60% 40146 28833 36594 26910 72,64% 
Regression Radial Basis 70% 40196 28832 36544 26893 72,62% 
Regression Radial Basis 80% 40349 28923 36391 26840 72,66% 
Regression Sigmoid 60% 39777 28526 36963 26946 72,29% 
Regression Sigmoid 70% 39703 28449 37037 26926 72,16% 
Regression Sigmoid 80% 39502 28348 37238 26982 72,10% 
Classification Radial Basis 60% 41621 29421 35119 27360 73,99% 
Classification Radial Basis 70% 41562 29434 35178 27432 74,10% 
Classification Radial Basis 80% 41615 29624 35125 27569 74,53% 
Classification Sigmoid 60% 40972 27982 35768 26570 71,09% 
Classification Sigmoid 70% 41224 27802 35516 26138 70,29% 
Classification Sigmoid 80% 41078 27832 35662 26314 70,56% 

Table 5.1: SVM Prediction results 
�
As can be seen in table 5.1 the results are very similar, but the best predictions were carried 
out by the classification type with a radial basis kernel and training set to 80%. However the 
regression has some advantages that do not exist in the classification. The latter simply 
predicts up or down by returning 1 and -1, but the regression returns an expected value of the 
next day which means we can also extract strength. Regression examples are given in figures 
5.1 and 5.2, and as can be seen the real and predicted values sometimes differ a lot but 
sometimes are very close to each other. Note however that we are predicting the direction 
and nothing else. In training the SVM for the predictions in figure 5.1 and 5.2 an amount of 
153 support vectors were extracted and the optimization took 457 iterations.  
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Predicted
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Figure 5.1: Part of the train set with Regression and a radial basis kernel Ericsson B partition 1 
 
 

Predicted
Reality

 
Figure 5.2: Part of the test set with Regression and a radial basis kernel Ericsson B partition 1 
 
In this comparison we basically just checked if the prediction value was higher or lower than 
the current day, but when comparing the SVM prediction with optimized indicators we also 
have to extract hold signals to be able to carry out a just comparison (see chapter 6), the 
regression values are very suitable for that (see chapter 7). Since the classification result was 
not substantial better we will use the regression version with radial basis kernel and 80% 
training data for the comparison with the optimized indicators. 
 
In the evaluation chapter we present more detailed information about how the SVM performs 
in each of the 6 time series, note also that we are only predicting the test sets in chapter 7. 
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���� 5HODWLYH�6WUHQJWK�,QGH[�
 
The Relative Strength Index, in general called RSI is a useful and popular indicator. It 
compares the magnitude of a stock’s recent gains to the magnitude of its recent losses and 
turns that information into a number that ranges from 0 to 100. It takes a single parameter, 
namely the number of time periods to use in the calculation, in practice normally set to 14. 
The formula is straightforward and can be seen below: 
 

 
 
To receive buy and sell signals from the indicator, the two parameters overbought and 
oversold are used. Normally these are set to 70 and 30 respectively. When the RSI value 
breaks the overbought parameter from above a sell signal is generated and if the value breaks 
the oversold parameter from below a buy signal is generated. 
 
The parameters overbought and oversold as well as the value of the n parameter can easily 
be optimized, see 6.5. 
 

 
Figure 6.1: RSI indicator based upon Ericsson B split corrected partition 
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���� 0RYLQJ�$YHUDJHV�
 
Moving averages smooth a data series and make it easier to spot trends; it is called moving 
because for every time step the newest period is added and the oldest period is dropped. 
They are lagging indicators and will always be behind the price, therefore they fit in the 
category of trend following. When prices are trending, moving averages works well. 
However, when prices are not trending, moving averages are not working well. Note that all 
indicators described in chapter 6 are applied to the original time series (except in the 
ERICSSON case, which was first corrected for splits); therefore the trend is not removed, as 
in the case with the SVM. 
 
A VLPSOH�PRYLQJ�DYHUDJH (SMA) simply counts the average of the data in the time series 
over a period of n time steps. In order to reduce the lag in simple moving averages, one 
technique to use is H[SRQHQWLDO� PRYLQJ� DYHUDJHV (EMA). Exponential moving averages 
reduce the lag by applying more weight to recent prices relative to older prices. 
 
Whereas the SMA formula is straightforward the EMA formula is more complex: 
X = (K x (C - P)) + P 
 
X = Current EMA  
C = Current Price 
P = Previous period’s EMA* 
K = Smoothing constant  
(*SMA is used for the first period’s calculation) 
The smoothing constant applies the appropriate weighting to the most recent price relative to 
the previous exponential moving average. The formula for the smoothing constant is: 
K = 2/(1+N) 
N = Number of periods for EMA 
 
These two indicators will in this case not produce any buy or sell signals themselves; instead 
they are needed when using the indicator PRYLQJ�DYHUDJH�FRQYHUJHQFH�GLYHUJHQFH (MACD) 
and VWRFKDVWLF�RVFLOODWRU. 
 

���� 6WRFKDVWLF�2VFLOODWRU�
 
Stochastic Oscillator measures the price of a security relative to the high and low range over 
a certain period. Prices consistently near the top of the range indicate buying pressure 
whereas those near the bottom of the range indicate selling pressure. It oscillates between 0 
and 100, with readings below 20 considered oversold and readings above 80 considered 
overbought (similar to the RSI). 
 
For example a 14-period Stochastic Oscillator value of 30 would indicate that the current 
price was 30% above the lowest low value during the period. 
 
Formula: 
 
%K = 100 * ( (Recent close – Lowest low(n)) / (Highest high(n) – Lowest low(n)) ) 
%D = 3-period moving average of %K 
(n) = Number of periods 
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Signals from the indicator occur when the oscillator moves from overbought territory back 
below 80 (sell) and from oversold territory back above 20 (buy). Signals can also be given 
when %K crosses above or below the trigger line %D. 
 
The parameters n, overbought, oversold and the moving average period of %D are suitable 
for optimization. 
 

 
Figure 6.2: Stochastic indicator based upon Swedish Match 
 

���� 0RYLQJ�$YHUDJH�&RQYHUJHQFH�'LYHUJHQFH�
 
MACD calculates the difference between a security’s 12-day and 26-day exponential moving 
averages (see 6.3). A positive MACD indicates that the short EMA is trading above the long 
EMA. A negative MACD indicates that the 12-day EMA is trading below the 26-day EMA. 
Shorter moving averages will produce a quicker, more responsive indicator, while longer 
moving averages will produce a slower indicator. Usually, a 9-day EMA of the MACD data 
is also calculated to act as a trigger line. 
 
A bullish crossover (buy signal) occurs when MACD crosses its 9-day EMA from 
underneath and a bearish crossover (sell signal) occurs when MACD crosses it from above. 
Bullish and Bearish centerline crossovers occur when the MACD crosses the zero line from 
underneath and above respectively. 
 
The short and long EMA as well as the trigger EMA are suitable for optimization. 
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Figure 6.3: MACD indicator based upon Volvo B partition 

���� 2SWLPL]DWLRQ�
 
The indicator parameters described in chapter 6.1 - 6.4 are very easy to optimize with 
computer algorithms. It can be accomplished in many different ways depending on what you 
want to optimize; for example number of trades initiated, average profit/loss per trade or just 
a maximum in return of funds during the period. On the Internet for example Beesoft has 
some interesting information about the topic, related to its product ProTA GOLD [Beesoft 
2003]. 
 
In our optimization we are using a simple trading strategy as evaluation tool. Before starting 
the evaluation we set our fund value equal to 100.000 SEK (the Swedish currency), which is 
a fictitious sum of money we have at one’ s disposal. Then we iterate the particular time 
series and invest all money when a buy signal occurs, and then sell everything on the 
following sell signal. The time series are the original ones without pre-processing; except for 
the Ericsson series were we used the split-corrected one. All possible combinations of 
parameters are tried out according to the parameter boundaries in table 6.1. For the 
subsequent comparison with the SVM predictions, we choose the parameter sets that 
maximises the return, see table 6.2 - 6.4. The maximized returns reflects the best generating 
of correct buy and sell signals, and is therefore suitable for the comparison with the SVM in 
chapter 7. 
 
To make the evaluation as realistic as possible the buy and sell prices are based upon the 
open values for the day n+1 when it is possible. The reason is that stock data on a daily basis 
can first be obtained after the market is closed, which mean you are not able to buy or sell 
anything until next time the market has open. Unfortunately we don’ t have open values 
available for all days, when this occurs we are using the close value for day n. In average the 
maximized profits should be about the same though. 
 
The only purpose to optimize the indicators in this research is to make it more challenging 
for the SVM in the comparison, see chapter 7. However the optimization result is very 
promising, and indicates that it should be considered by all traders using technical indicators 
as a tool in trading financial instruments, as well as software companies developing different 
kind of trading systems. This kind of optimization should be considered as best possible of 
the past, which mean that if we had this parameter combinations set in the indicators January 
1998, we would have ended up with profits according to the results in table 6.2 – 6.4. For our 
comparison this is enough, but a better way when optimizing the parameters for the future is 
to have training and evaluation sets just like in the SVM approach. 
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56,�� '$<6� 29(562/'� 29(5%28*+7� �
 2-20 1-49 51-99  
     
672&+$67,&�� '$<6� 29(562/'� 29(5%28*+7� (0$�
 2-20 1-49 51-99 2-20 
     
0$&'�� (0$�6+257� (0$�/21*� 75,**(5� �
 2-14 15-30 2-14  
Table 6.1: Parameter boundaries 
 
 
672&.� 7<3(� '$<6� 29(562/'� 29(5%28*+7� 352),7�
ERIC Default 14 30 70 -74% 
ERIC Optimized 11 1 60 +144% 
SWMA Default 14 30 70 +23% 
SWMA Optimized 20 49 51 +141% 
VOLV Default 14 30 70 +1% 
VOLV Optimized 6 42 51 +159% 
Table 6.2: RSI optimization results 
 
 
672&.� 7<3(� '$<6� 29(562/'� 29(5%28*+7� (0$� 352),7�
ERIC Default 14 20 80 3 -29% 
ERIC Optimized 2 49 51 2 +112% 
SWMA Default 14 20 80 3 -12% 
SWMA Optimized 2 20 51 2 +72% 
VOLV Default 14 20 80 3 +167% 
VOLV Optimized 16 48 51 2 +313% 
Table 6.3: STOCHASTIC optimization results 
 
 
672&.� 7<3(� (0$�6+257� (0$�/21*� 75,**(5� 352),7�
ERIC Default 12 26 9 -50% 
ERIC Optimized 6 27 3 +424% 
SWMA Default 12 26 9 +112% 
SWMA Optimized 14 15 6 +385% 
VOLV Default 12 26 9 -58% 
VOLV Optimized 2 17 6 +203% 
Table 6.4: MACD optimization results 
 
 
The optimized versions of the indicators for each time series respectively (according to 
tables 6.2 – 6.4) will be used in the comparison with the SVM in chapter 7. 
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�� (9$/8$7,21�
 
To be able to compare the optimized versions of the indicators with the SVM prediction in a 
suitable way, we have to convert the signals of the latter so it generates about the same 
amount of hold signals as the indicators. As a first step we have to check the amount of 
signals generated by the indicators for each of the six time series. The result is presented in 
table 7.1. Note that the amount of buy signals generated by the RSI on the ERIC B partitions 
are very low, it depends on the oversold signal which is set to one which is a very low value 
in RSI (see chapter 6.1). 
 
The second step will be to accomplish the converting with the Gaussian distribution, to be 
able to find out appropriate borders between buy-hold and hold-sell signals in our regression 
distributions received from the SVM. First we have to calculate the mean and standard 
deviations for each of the predicted distributions, and then we are using these values together 
with the percentage values in the buy% and sell% columns in table 7.1 to find out the 
borders. Because the test sets are picked randomly we will receive different regression 
distributions for each of the repetitions, the reason why we have to calculate new border 
values for each of the repetitions separately. 
 
The statistics formulas needed for these calculations are presented below: 
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3$57,7,21� ,1',&$725� %8<� %8<�� +2/'� 6(//� 6(//��
ERIC 1 RSI 1 0,002 394 36 0,084 
ERIC 2 RSI 1 0,003 347 27 0,072 
ERIC 3 RSI 1 0,002 417 34 0,075 
SWMA 1 RSI 46 0,063 642 46 0,063 
SWMA 2 RSI 31 0,059 464 33 0,063 
VOLV RSI 103 0,081 1026 137 0,108 
ERIC 1 STOCHASTIC 136 0,320 149 140 0,329 
ERIC 2 STOCHASTIC 122 0,325 134 119 0,317 
ERIC 3 STOCHASTIC 142 0,314 181 129 0,285 
SWMA 1 STOCHASTIC 211 0,287 297 227 0,309 
SWMA 2 STOCHASTIC 155 0,294 206 167 0,316 
VOLV STOCHASTIC 289 0,228 690 288 0,227 
ERIC 1 MACD 44 0,104 338 43 0,101 
ERIC 2 MACD 40 0,107 295 40 0,107 
ERIC 3 MACD 50 0,111 351 51 0,113 
SWMA 1 MACD 45 0,061 644 51 0,069 
SWMA 2 MACD 37 0,070 453 38 0,072 
VOLV MACD 181 0,143 911 178 0,140 

Table 7.1: Generated indicator signals 
 
The converted signals now have to be evaluated, which mean that we are checking the real 
values for the following day, and if it was heading at the same direction as the prediction 
value we have received a correct signal. In this comparison we neglect to check the 
correctness of hold signals, hold signals in general are considered as uncertainty and are 
therefore not clear how to evaluate. 
 
To compare the evaluated SVM predictions with the indicators, we have to pick the indicator 
signals randomly just as the train and test sets are picked for the SVM. Important to note is 
that the indicators are based upon the original time series, whereas the SVM predictions are 
based upon the pre-processed partitions. We must therefore pick the signals in time that 
corresponds to the partition we used as input to the SVM. It must also correspond to the size 
of the test sets, these are presented below: 
 

• Eric B Part 1 Test-Set Size: 90 
• Eric B Part 2 Test-Set Size: 75 
• Eric B Part 3 Test-Set Size: 91 
• SWMA Part 1 Test-Set Size: 151 
• SWMA Part 2 Test-Set Size: 106 
• VOLV B Test-Set Size: 257 

 
The indicator signals are then evaluated in the same way as the SVM predictions, which 
mean we are checking if the direction for the following day corresponded to what the signal 
indicated. The comparison procedure is repeated 20 times and included: 
 

1. Generating of train and test sets for the SVM 
2. Prediction of the test-set carried out by the SVM 
3. Converting and extraction of hold signals 
4. Randomly picked signals from the optimized indicators 
5. Evaluation and comparison 
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Finally we are performing the t-test [T-TEST 2003] on the percentages of correct signals 
from all repetitions. The reason is to determine whether the means of the two groups are 
statistically different from each other or not. From the results, all the T-test probability 
values indicate that this is the case. 
 
The results from the comparisons are presented in tables 7.2 – 7.7. In each column the results 
from a SVM prediction or indicator is presented. The letter R stated before the name of an 
indicator means regression and is equal to the prediction made by the SVM. The reason to 
include the indicator name in the SVM prediction is to show that we were using values from 
that particular indicator (table 7.1) in the converting to extract hold signals. For example R-
RSI means that the column presents the prediction results from the SVM with hold 
converting, based upon the amount of signals generated by the optimized RSI indicator (see 
table 7.1). 
 
The AVG NR OF SIGNALS rows states the average amount of signals generated from one 
repetition. The total amount of generated signals from the repetitions should be the same in 
the indicator and regression approaches for each partition. For all the stocks there are some 
deviations in their first partition though. It depends on the difference in days before the first 
signal can be generated by the indicators and SVM, according to parameter values and input 
dimensions respectively (see chapter 4.6 and 6). 
 
The important results in our comparison are however the percentages of correct signals. In 
the AVG CORRECTNESS row the correctness are presented as the average correctness of 
buy and sell signals in one repetition. As can be seen the SVM regression outperforms the 
indicator signals with large margins in all cases. The most extreme cases can be found in the 
two SWMA partitions (table 7.5, 7.6), where the SVM outperform all the indicators with 
more than twice as much. 
 
By converting the SVM predictions to be able to extract hold signals, we were decreasing 
some of the possibilities because many correct buy and sell signals were converted to passive 
hold signals instead of receiving a buy or sell signal every day. But also many of the false 
signals are eliminated, which is shown in our results where the amount of correct signals is 
even better than our preliminary results (see chapter 5). It depends on the fact that the 
generated buy and sell signals has more strength; they are higher and lower respectively than 
the eliminated signals. Probably these signals are also synonymous to larger moves in the 
underlying stock, however not confirmed in this thesis (see chapter 9). 



  26 

 
�� 5�56,� 56,� 5�672� 672� 5�0$&'� 0$&'�
$9*�&255(&71(66�� 88,18% 40,58% 84,31% 51,99% 86,82% 60,55% 
��             
$9*�15�2)�6,*1$/6��             
Buy signals: 0,3 0,2 25,15 26,8 7,2 8,95 
Correct buy: 0,3 0 21,65 16,6 6,35 5,4 
Sell signals: 5,9 7,1 23,45 27,35 6,85 9,25 
Correct sell: 5 3 19,25 11,5 5,8 5,45 
Hold signals: 83,8 79,1 41,4 30,55 75,95 67 
              
7�7(67�352%$%,/,7<�� 0,000000000215 0,000000000000 0,000000046721 

Table 7.2: Evaluation result: ERIC B partition 1 
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Figure 7.2: Correct signals: ERIC B partition 1 
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�� 5�56,� 56,� 5�672� 672� 5�0$&'� 0$&'�
$9*�&255(&71(66�� 83,60% 44,68% 82,03% 48,30% 85,16% 46,99% 
��             
$9*�15�2)�6,*1$/6��             
Buy signals: 0,75 0,2 19,5 24,5 6,25 8 
Correct buy: 0,65 0 15,95 12,5 5,4 3,4 
Sell signals: 3,6 6 20,9 24,15 5,3 6,95 
Correct sell: 2,85 2,55 17,05 10,9 4,35 3,6 
Hold signals: 70,65 68,8 34,6 26,35 63,45 60,05 
              
7�7(67�352%$%,/,7<�� 0,000000000356 0,000000000001 0,000002606377 

Table 7.3: Evaluation result: ERIC B partition 2 
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Figure 7.3: Correct signals: ERIC B partition 2 
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�� 5�56,� 56,� 5�672� 672� 5�0$&'� 0$&'�
$9*�&255(&71(66�� 93,27% 55,48% 80,75% 58,15% 86,02% 45,90% 
��             
$9*�15�2)�6,*1$/6��             
Buy signals: 0,9 0,25 15,9 28,15 5,9 10,1 
Correct buy: 0,9 0,25 12,35 15,6 4,65 4,4 
Sell signals: 4,8 6,4 11,2 26,9 6,1 11,25 
Correct sell: 4,4 3,4 9,45 16,35 5,5 5,45 
Hold signals: 85,3 84,35 63,9 35,95 79 69,65 
              
7�7(67�352%$%,/,7<�� 0,000000000001 0,000000000001 0,000000366922 

Table 7.4: Evaluation result: ERIC B partition 3 
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Figure 7.4: Correct signals: ERIC B partition 3 
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�� 5�56,� 56,� 5�672� 672� 5�0$&'� 0$&'�
$9*�&255(&71(66�� 94,90% 33,65% 84,52% 40,25% 95,18% 46,02% 
��             
$9*�15�2)�6,*1$/6��             
Buy signals: 6,05 8,45 31,4 43,6 6,05 9,7 
Correct buy: 5,7 2,5 25,6 17,85 5,7 5,3 
Sell signals: 7,9 9,65 31,05 45,05 8,45 11,25 
Correct sell: 7,5 3,6 26,95 17,9 8,05 4,2 
Hold signals: 137,05 129,8 88,55 58,9 136,5 127,55 
              
7�7(67�352%$%,/,7<�� 0,000000000004 0,000000000000 0,000000000209 

Table 7.5: Evaluation result: SWMA partition 1 
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Figure 7.5: Correct signals: SWMA partition 1 
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�� 5�56,� 56,� 5�672� 672� 5�0$&'� 0$&'�
$9*�&255(&71(66�� 93,90% 38,36% 82,40% 40,09% 93,68% 33,91% 
��             
$9*�15�2)�6,*1$/6��             
Buy signals: 2,4 5,7 28,7 33,55 3,15 6,9 
Correct buy: 2 2,75 23,15 14,35 2,65 3,35 
Sell signals: 6,5 6,8 25,1 31,1 7 8,1 
Correct sell: 6,4 2,05 20,9 11,6 6,9 1,6 
Hold signals: 97,1 93,5 52,2 41,35 95,85 91 
              
7�7(67�352%$%,/,7<�� 0,000000000000 0,000000000000 0,000000016061 

Table 7.6: Evaluation result: SWMA partition 2 
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Figure 7.6: Correct signals: SWMA partition 2 
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�� 5�56,� 56,� 5�672� 672� 5�0$&'� 0$&'�
$9*�&255(&71(66�� 92,34% 53,84% 89,55% 53,81% 91,02% 55,35% 
��             
$9*�15�2)�6,*1$/6��             
Buy signals: 14,6 22,15 34,55 57,05 22 37,05 
Correct buy: 13,9 12,35 31,55 28,6 20,4 19,2 
Sell signals: 13,25 27,2 33,15 58,5 16,85 35,4 
Correct sell: 11,75 14,4 28,9 33,55 14,9 20,9 
Hold signals: 229,15 204,15 189,3 138,3 218,15 182,6 
              
7�7(67�352%$%,/,7<�� 0,000000000000 0,000000000000 0,000000004180 

Table 7.7: Evaluation result: VOLV B 
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Figure 7.7: Correct signals: VOLV B 
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In this chapter we discuss things in the report that lies out of scope but however are close 
related to the project. For the readers it can bring ideas to future implementation and 
research. 
 

• To take advantage of the result and conclusions in this report, the development of a 
trading system that generates up to date signals from the stock exchange is suitable. 
Pre-processing should be implemented in an automatic way, for example split 
detection and correction as well as the partitioning of data. 

 
• More kinds of different input to the neural networks may be considered to evaluate if 

even better predictions can be made. For example exchange rates, business ratios, 
unemployment ratios and the use of real-time data instead of daily basis. The latter 
should be very challenging since a bit different pre-processing/converting is needed 
when you have to consider for example the limits in computational power. 

 
• A comparison of the SVM classification approach and the optimized indicators as a 

complement to the regression approach. 
 

• The hold-border parameters in the SVM regression approach could be optimized, 
instead of using the percentage values from the indicators in the Gaussian 
distribution. 

 
• Carry out an evaluation to check whether the signals from the SVM regression 

approach are synonymous with large movements or not. Since it is just the most 
extreme high and low values respectively which is turned into buy and sell signals, it 
can be the case. 

 
• Tuning of the parameters in the LIBSVM library for even better predictions, such as 

WKH� -loss and C parameter for the regression approach. 
 

• An optimization of the length of data history to use as input to the training of the 
SVM algorithms when using the predictions in practice. For example it is likely that 
a history of five years will make it to general which is not the best case when 
predicting one step ahead. 

 
• The SVM predictions may also be evaluated based upon a portfolio with a fictitious 

amount of money and an appropriate trading strategy like in the indicator 
optimization. The trading strategies are suitable for optimization as well, such as the 
stop-loss parameter which is a trigger value that generates sell signals aimed to avoid 
big losses when the predictions are false. To make it even more realistic we should 
also include trading costs. 
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In this work we have shown that a Support Vector Machine Neural Network (SVM) with a 
radial basis kernel function and regression mode outperforms the three optimized indicators 
in all cases, when predicting the direction of movement for the next day. 
  
In the most extreme case the average correctness of the SVM prediction was found out to be 
94.90% against an average correctness of 33.65% for the Relative Strength Index indicator 
(Swedish Match partition 1). The smallest difference in average correctness was found in the 
comparison between SVM and the Stochastic Oscillator applied to Ericsson B partition 3. In 
this case the correctness was 80.75% for the SVM against 58.15% for the indicator. 
 
To be able to compare the two different approaches in a correct way we had to convert some 
of the up and down predictions from the SVM into hold signals. The reason is that most of 
the signals from the technical indicators are hold signals which reflects uncertainty in the 
direction. To convert the signals we first checked the amount of hold signals generated by 
each of the indicators, and then extracted border values to the hold signals from the Gaussian 
distribution. 
 
This way of converting resulted in an approximately equal amount of hold signals for the 
SVM and the indicators, and it resulted in even better SVM predictions than before. Due to 
that only the strongest and weakest regression values were picked as buy and sell signals 
respectively. 
 
In this work we came up with promising results in the technical indicator optimization as 
well. All the optimized versions were much better than the original ones. In the best case the 
optimized Moving Average Convergence Divergence (MACD) indicator generated a 424% 
profit instead of a 50% loss for the original MACD. This result was gained from the MACD 
applied to the Ericsson stock over the period January 1998 to February 21st 2003, evaluated 
with a simple trading strategy. 
 
When discussing these very promising optimization results, we have to remember that the 
SVM outperformed these optimized versions of the indicators with significant difference in 
all cases, which indicates the potential for the SVM approach. However in this work the 
SVM results are not confirmed with a trading strategy evaluation, with purpose to discover 
eventual profit if trading was based upon the SVM predictions. 
 
Finally the promising results from the comparisons in this work should be of interest for both 
finance people using the techniques in practice, as well as software companies and similar 
considering to implement the techniques in products applicable. 
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