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Abstract
The presented master thesis is focused on the stock markets returns analysis using a new
type of neural network. First chapter of the thesis describes the underlying theory of the
financial time series prediction, Efficient Market Hypothesis and conventional
forecasting models. Following part illustrates biological framework, basic principles,
functioning of neural networks, their architecture and several well-known learning
algorithms such as Gradient descent, Levenberg-Marquardt algorithm or Conjugate
gradient. It also mentions certain disadvantages which influence the performance and
effectiveness of neural networks. Third chapter is devoted to two applied metaheuristic
techniques, i.e. genetic algorithms and simulated annealing that were integrated into
neural networks framework to eliminate above mentioned drawbacks. Next chapter
describes details of presented hybrid network, whereas the last section is aimed at
evaluation of overall results of all models. It shows that on the examined sample hybrid
network clearly outperformed standard techniques as well as ordinary neural networks
and in most cases achieved the least mean squared error among all explored methods.
Keywords: stock returns analysis, neural networks, genetic algorithms, simulated
annealing, hybrid networks
JEL classification: C32, C45, C53, E44, G14, G15

Abstrakt
Predložená diplomová práca je zameraná na analýzu výnosov akciových trhov
s využitím nového typu neurónovej siete. V prvej kapitole sú popísané teoretické
základy predikcie finančných časových rád, Hypotézy efektívnych trhov a štandardne
používané predpovedné modely. Nasledovná časť približuje biologickú podstatu,
základné princípy a fungovanie neurónových sietí, ich architektúru a niekoľko
najznámejších učebných algoritmov ako Sklon gradientu, Levenberg-Marquardtov
algoritmus či Konjugovaný gradient. Rovnako zmieňuje určité nevýhody, ktoré
ovplyvňujú výkonnosť a efektivitu neurónových sietí. Tretia kapitola je venovaná dvom
použitým metaheuristickým metódam, t.j. genetickým algoritmom a simulovanému
žíhaniu, ktoré boli integrované do prostredia neurónových sietí na odstránenie
zmienených nedostatkov. Ďalšia kapitola ilustruje detaily predstavenej hybridnej siete,
zatiaľ čo posledná časť je sústredená na ohodnotenie celkových výsledkov jednotlivých
modelov. Ukazuje, že vytvorená hybridná sieť na pozorovanej vzorke jasne prekonala
bežné modely i klasické neurónové siete a vo väčšine prípadov dosahuje najmenšiu
strednú štorcovú chybu spomedzi všetkých testovaných metód.
Kľúčové slová: analýza akciových výnosov, neurónové siete, genetické algoritmy,
simulované žíhanie, hybridné siete
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Topic characteristics
Due to enormous changes over the last decades within the
financial markets, traditional financial market theory has evolved. This work examines
Artificial Neural Networks as a new method suitable for financial predictions.
The thesis focuses on neural networks, regarding their ability to discover nonlinear
relationships in chaotic systems, as a potential method to overcome traditional financial
analyses and predictions. It examines how neural networks work, emphasizes
differences between various types of neural networks and compares them to other
similar analytical techniques. The purpose is to show that neural networks really are the
proper method to market forecasts, financial analyses and optimization.
Hypotheses
At this stage of my study, I would like to focus on several questions,
which could be potentially answered by my research. Firstly, I would like to examine
whether neural networks are suitable method for predicting stock markets, i.e. if they
are able to outperform other common forecasting techniques. Secondly, I would like to
create an optimal stock portfolio using the neural network.
Methodology Artificial Neural Network models were inspired by biological sciences
studying how anatomy of living animals flown into solving problems. But due to
enormous complexity of biological networks, the similarity is limited to some borrowed
ideas from biological networks, mostly for their architecture
Basic structure of an ANN consists of artificial neurons, which are similar to biological.
Individual artificial neuron receives input from other sources or output signal of other
units and produces an output.
The input signals x j are multiplied with weights w ji of connection strength between
the sending unit i and receiving unit j. The sum of weighted inputs is passed through an
activation function. The output might be used as an input to the neighboring units or
units at the next layer. The net input to the unit j is given by: net j   w jn xn  w j 0 . The
n

computed weighted sum of inputs is transformed into an output value by applying an

activation function. Neural network architecture represents a configuration indicating
how the units are grouped together as well as the interconnections among them. There
are many various architecture types to be found in the literature, but majority of the m
can be divided into two main categories: feedforward and feedback. Learning of a
neural network involves presenting input patterns in a way so that the system minimizes
its error and improves its performance. It starts with a set of initial weights and then
gradually modifies the weights during the training cycle to settle down to a set of
weights capable of realizing the input-output mapping with either no error or a
minimum error set by the user.
The training procedure of an ANN itself is relatively simple. But the preparations,
including the data selection and representation to the neural network and the elaborating
of the outputs involve a considerable amount of work.
Outline
1. Introduction
2. Effective Market Hypothesis
3. Fundamentals of Neural Networks
4. Comparison with other Techniques
5. Description of the Data
6. Prediction of Stock Markets
7. Design of Portfolio
8. Discussion of the Results
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Introduction

Introduction

Stock markets data, particularly in recent years, became very important object of
academic research. Failures of big market players and financial supervision during the
financial crisis showed that standard time series models have several shortages in
precision and robustness. Most of the conventional techniques have been trying to
capture the patterns in the examined data using linear relationships and assumptions.
But because there is no empirical evidence of linearity in stock returns, various
researcher and financial practitioners have focused on the nonlinear prediction methods.
Artificial neural networks are computational structures that are capable of accurate
forecasts without any specific assumptions about the distribution or characteristics of
the observed variables and their effectiveness have been proved in many real world
applications.
The main objective of the presented thesis is to introduce a new G-S network that
combines the essential principles of standard neural networks with metaheuristics,
represented by genetic algorithms and simulated annealing. We expect this network to
outperform conventional time series analysis models as well as the prevailing neural
networks.
First chapter of this work deals with theoretical framework of stock market forecasting,
denotes the basic ideas of Efficient Market Hypothesis or stationarity. The next sections
are dedicated to classical time series techniques such as autoregressive model, ARIMA
and GARCH, which performance will be later compared with presented G-S network.
Next chapter is devoted to fundamentals of artificial neural networks. It shows the
biological background, fundamentals of network operations and defines the basic
mathematical relationships. There are also illustrated elementary architectures and
learning algorithms that represent keystones of proper network design. Last part of this
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chapter mentions a few disadvantages of backpropagation learning and usual
architecture selection, which we will try to improve with the developed hybrid network.
The goal of the third chapter is to describe approximation stochastic procedures called
metaheuristics that estimate the exact optimal solution and offer good results in an
acceptable time. We will integrate two of these techniques, genetic algorithms and
simulated annealing, into the neural networks structure and create hybrid method
defined in Chapter 4.
Last chapter comments achieved scores and outcomes of individual prediction models
applied on five real stock indices. It confronts the performance of used methods
according to chosen evaluation criteria. The thesis concludes with brief discussion and
summary of obtained results.
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Prediction of the Stock Markets

Formal prediction models of stock markets fulfill many useful roles other than just
being instruments for producing forecasts. Such techniques reflect valid empirical and
theoretical knowledge of how markets work, help to explain their evolution and
anticipate unexpected changes. Strong mathematical background of conventional time
series econometrics allows its combination with other popular numerical optimization
methods in order to create more robust and effective forecasting practices. A forecasting
rule can be considered as any procedure for making statement about future events. Even
though various methods are notional distinct, they resemble each other to a greater
extent than is generally recognized. For the purpose of the market prediction researcher
has to examine historical data and find the important relationships between them and
stock price development.
The first section of this chapter is dedicated to the existence of above mentioned
relationships and famous Efficient Market Hypothesis. It is followed by dispute about
fundamentals of financial time series analysis and stochastic processes in finance.
Finishing sections are a review of most applied prediction models and techniques

1.1 Efficient Market Hypothesis
Efficient market hypothesis (EMH) is fundamental idea in stock market prediction
theory. Fama (1970) introduced the term efficient market as a market which adjusts
rapidly to new information. After more than two decades the definition has been
modified in the sense that there are not made any systematic errors and the relevant
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information is not ignored, i.e. stock market is efficient if it fully reflects all available
information (Fama, 1991). Malkiel (1992) suggested testing the efficiency of the market
by unveiling an information to market participants and observing the reaction of stock
prices. His second concept was to measure the possible profits from trading on
information. If all the relevant information is inherent in the prices and new information
immediately absorbed and reflected, there is no place for prediction. Roberts (1967)
distinguishes three forms of the efficiency:
○ Weak form: The information set includes only the history of prices or returns,
○ Semi-strong form: The information set includes all information known to all market
participants, i.e. publicly available information,
○ Strong form: The information set includes all information known to any market
participant, i.e. private information.
Many studies have been investigating efficient market hypothesis, but the nature of the
problem causes that EMH can never be rejected. If it is rejected, it could be due to real
market inefficiency or choice of incorrect equilibrium model defining normal s tock
returns. This situation is known as joint hypothesis problem. But even theory admits that
perfect efficiency is not realistic and abnormal returns are part of the trading (Grossman
and Stiglitz, 1980). In other words, market efficiency can be interpreted as a speed of
transformation of new information into the equilibrium price and Hellstrom and
Holmstrom (1998) emphasize that most arguments against EMH come from existence
of time delay between appearance of the fresh information and the assimilation of this
information into the new market equilibrium with a new market price.
Since the aim of this work is to forecast stock returns based merely on their past values,
we will take into consideration the weak form of efficiency.

1.2 Prediction of the Stock Returns
The most important objects in financial economics are returns, and in fact, majority of
the financial time series literature works instead of prices with stock returns. There exist
two main reasons for such an approach (Campbell, Lo and MacKinlay, 1997). First one
is that for the average investor might be the return of the asset considered as a complete
4
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and scale-free summary of the investment opportunity. Secondly, due to their statistical
properties are return series easier to handle that price series.
Let pt be the price of a stock at the time t, t  0, T  . We can define one period
simple return as:
rt 

pt
p  pt 1
1  t
.
pt 1
pt 1

(1.1)

A traditional assumption made about simple returns in research studies is that they are
identically and normally distributed with fixed mean and variance. Although this
assumption makes statistical properties of stock returns more convenient, it implies
several difficulties and it is not supported by empirically observed stock returns time
series. Empirical series exhibit non-constant variance, fat tails or variable amplitude of
returns over time, i.e. volatility. Especially the concept of volatility is central in current
financial market research and remains crucial for correct model specification. For the
deeper study of stock market volatility we recommend Gregoriou (2009) or Knight and
Satchell (2002).
To sum up, there exist several stylized facts about difference between financial or stock
time series and other time series:
○ Financial time series are usually not stationary (see section 1.2.2) and possess a local
trend at least.
○ Returns rt have a leptokurtic distribution, i.e. the empirically estimated kurtosis is
mostly greater than 3 and distribution has fat tails.
○ Volatility tends to form clusters. After a large (small) price change a large (small)
price change tends to occur. This effect is called volatility clustering.
○ Volatility and serial correlation of returns tend to be negatively correlated.
○ Information accumulates slower when markets are closed than when they are open
and return variances are usually greater following weekends and holidays.
○ Anticipated releases of public information and earnings announcements are
connected to ex ante volatility.
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Financial time series cannot be generally considered only as a set of chronologically
ordered numbers, because besides their dynamics, another distinguishing attribute is
their stochasticity (Cipra, 2008). Therefore a proper model for financial time series
should comprehend these stylized facts as well as it should represent the characteristics
of a stochastic process.

1.2.1 Stochastic Process
The scheme of using a mathematical model to describe the behavior of economical
system is long and well established. Although perfect model formulation effort is
probably meaningless, there were several attempts (e.g. Clements and Hendry, 1998) to
list criteria for a prediction to be reasonably accurately and more reliably than the
alternatives.
If it was possible to create a deterministic model based on laws of physics, we would be
able to calculate the value of dependent variable nearly exactly at any point of time.
Unfortunately, financial features are not deterministic at all. Economists possess only
limited knowledge about the phenomena that establish the observed data, so we have to
be satisfied with stochastic models calculating the probability of a future value lying in
specific boundaries. Time series r1, r2 ,..., rT of T observations can be regarded as a
sample realization from an infinite population generated by stochastic process (Box,
Jenkins and Reinsel, 1994). Such process consists of chronologically ordered random
variables. In this work we consider processes in discrete time, i.e. t = 0, 1, 2, … For the
review of continuous time stochastic processes in financial markets research we
recommend Merton (1990), Franke, Härdle and Hafner (2008) or Boshuizen et al.
(2010). Consequently, stochastic process can be defined as follows:
A stochastic process {rt }, t Z, is a family of random variables, defined in a probability
space (, F , P), where  is a space of outcomes, F is   algebra of the subsets of  ,
and P is a probability measure on F .
Stochastic processes theory has been developed particularly in natural sciences
including Cox and Miller (1968) or Papoulis (1984).
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In most of the statistical issues are the characteristic features of the population estimated
from the sample which size, or the randomness of the selection procedure, is typically
determined by the researcher. In analysis of financial time series is usually impossible
to make many observations at any given time and the order of observations is specified
by the time itself. Hence, even though we might be able to extend the sample size by
changing length of the observed series, there only will be one outcome of the model and
a single observation on the random variable at time t. The analysis has to evaluate the
characteristics of the underlying probability model from observed time series only from
the one single realization of the stochastic process (Chatfield, 2004).

1.2.2 Stationarity
The cornerstone of stock return time series forecasting is stationarity. We can define
stationarity as follows:
Let F be the joint cumulative distribution of the stochastic process {rt } . We say that the
stochastic process {rt } is strictly stationary if for any t1 ,..., tn and for all n, s Z holds
that
Ft1 ,...,tn ( r1 ,..., rn )  Ft1 s,...,tn s (r1 ,..., rn ) .

Alternatively, strictly stationarity requires invariant joint distribution function under
time shift. This is a strong condition for empirical verification, therefore a weaker form
of stationarity is usually assumed:
A stochastic process {rt } is covariance stationary if for all l Z
1.) E ( rt )   ,
2.) cov( rt , rt l )   l .
In other words mean of the time series and covariance between rt and rt l should be
time invariant. The former condition connotes that all members of stationary stochastic
process have to fluctuate around a constant and, for instance, the stock return time series
does not have a trend. For a covariance stationarity the term weakly stationarity is used.
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In practice, weak stationarity enables us to predict the future values 1. However, if the
process {rt } is normally distributed, then covariance stationarity is equal to strict
stationarity. Price series with no fixed level for the price tend to be non-stationary. The
best known example of such a time series is the random walk model. But before moving
along to random walk, it is necessary to mention one important issue in time series
forecasting, namely unit roots.

1.2.3 Unit Root Tests
When speaking about stationary time series, we need to test the presence of unit roots in
order to avoid the problem of spurious regression. If a variable contains a unit root, it is
not stationary, and regressions involving such a series can misleading imply the
existence of notable economic relationship. Therefore it is substantial to test the order of
integration of each variable to establish whether it is stationary, otherwise it has to be
differenced. Of course, it is important to take into account the possibility that the
fundamental data-generating process might involve deterministic or stochastic time
trend (Harris and Sollis, 2003).
There exist several forms of testing for the presence of a unit root, however, the most
popular method was developed by Dickey and Fuller (1979). It tests the null hypothesis
that a process does contain a unit root against the alternative of stationarity. The
statistics is formed as:
T

DF 

r
t 1



t 1 t

T

ˆ   rt21

.

(1.2)

t 1

Typical approach to verifying such a hypothesis is to construct a t-test, but under nonstationarity the computed statistics follows rather DF distribution than standard tdistribution. Dickey and Fuller used Monte Carlo simulations to generate critical values
for this non-standard distribution. If { t } is a sequence of iid random variables with
1

In fact, the more powerful condition of ergodicity is needed. Since one cannot assume financial
processes themselves to be ergodic, we at least assume this property to hold for fitted financial time series
residuals (Fabozzi et al., 2007)
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zero mean and defined distribution, i.e. the white noise, with finite moments of order
somewhat greater than 2, the DF statistic converges to a function of a standard
Brownian motion2 as T approaches infinity (Tsay, 2010). The disadvantage of this test is
that the normal test significance level is not reliable when the error terms are
autocorrelated. The larger autocorrelation, the larger distortion of the test significance.
In order to fix this negative feature, Dickey and Fuller proposed another statistic, the
augmented Dickey Fuller Test. This test is comparable with the former one but it
includes addition of an unknown number of the depende nt variable lagged first
differences to capture autocorrelated omitted variables that would otherwise enter the
error term. Another approach, designed by Phillips and Perron (1988), is to apply a nonparametric correction to take account of any eventual autocorrelation.
However, due to near equivalence of stationary and non-stationary processes in finite
samples, the most critical problem when applying tests for the presence of unit roots, is
the tendency to over-reject the null hypothesis when it is, in fact, true and under-reject it
in case it is false. Therefore it is not really appropriate to make definitive statements
about stationarity of the process. More willingly, unit root tests are demonstrating
whether the sample data used possess stationary or non-stationary characteristics.

1.2.4 Random Walk
The primary empirical research on the random walk was done by Bachelier (1900) who
for the first time pointed out that the stock prices follow a stochastic process trajectory.
Cowles and Jones (1937) confirmed his findings and their results were basis for Roberts
(1959), Mandelbrot (1964), Black and Scholes (1973) and many others. A time series

{rt } can be considered as a random walk if:
rt  rt 1   t ,

(1.3)

where r0 denotes the starting point of the process and { t } is white noise. The random
walk model has been widely considered as a statistical model for fluctuations of stock
2

Brownian motion is a continuous-time stochastic process with independent, stationary and normally
distributed increments. For more rigorous specification of Brownian motion in finance we suggest
Dupačová, Hurt and Štěpán (2002).
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prices. Independence of { t } means not only that these increments are uncorrelated, but
also that any nonlinear functions of them are also uncorrelated. Campbell, Lo and
MacKinlay (1997) call this situation Random Walk 1 model. Random Walk 2 model
relaxes the assumptions of the first model to include processes with independent but not
identically distributed increments. Even though the RW2 is softer than RW1, it still
fixes the most remarkable economic feature of the random walk, i.e. that any optional
transformation of future price excesses is unpredictable using any optional
transformation of past price excesses. By adding a constant term to Eq. (1.3) we obtain
random walk with drift model, written as:

rt    rt 1   t ,

(1.4)

where   E ( rt  rt 1 ) and { t } is white noise with zero mean. The constant term  is
essential in financial research. It represents the time trend of the rt and is usually
referred to as the drift of the model. It is easy to show that the constant term represents
the time slope of the series. The most general and weakest version of random walk
hypothesis is at the same time the one most examined in economic literature. Random
Walk 3 model might be obtained by removing the independence assumption and
involving processes dependent but uncorrelated increments.
The issue of market predictability creates a connection between Random Walk
Hypothesis and above mentioned Efficient Market Hypothesis. In very special context,
e.g. risk neutrality, the two are identical (Lo and MacKinlay, 1999). However, Lucas
(1978) and many other proved that unpredictable prices need not stand for a well
functioning financial market with rational participants, and predictable prices need not
mean the inverse. With this pleasurable conclusion we can proceed to next part of the
first chapter and focus on some of the well-known prediction models commonly used
both in the stock return research and practice.

1.3 Linear Models
Linear time series models provide a framework to study of stock market returns. A time
series rt is linear if it can be written as:
10
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rt    i 0 i t i ,


(1.5)

where  is the mean of rt ,  0  1 , and { t } is the white noise. For the time series in
Eq. (1.4), the structure of rt is designated by the coefficients  i , which are in the
literature called weights. If rt is weakly stationary, it is possible to obtain its mean and
variance using the independence of { t } :

E ( rt )   ,



Var ( rt )   2  i2 ,

(1.6)

i 0

where  2 is the variance of  t .

1.3.1 AR Model
It is a simple model that makes use of predictive power of lagged values in form:
rt  0  1rt 1  ...  p rt  p   t ,

(1.7)

where { t } is taken as white noise series with zero mean, variance  2 and p is a
nonnegative integer. The white noise process, { t } , might be regarded as a series of
shocks which drive the system. In the econometric literature is Eq. (1.7) referred to as
an autoregressive model of order p or an AR(p) model. The AR(p) is in the same as a
multiple linear regression with lagged values as regressors. Provided that the
denominator is nonzero, the mean of a stationary series is:

E ( rt ) 

0

1  1  ...   p

,

(1.8)

and the characteristic equation of the model is:

1  1 x  2 x 2  ...  p x p  0 .

11

(1.9)

Chapter 1

Prediction of the Stock Markets

In practice, the order p of an AR process has to be specified empirically. The order
specification has been widely examined in the time series literature. There are two ways
of determining the value of p. The first approach uses partial autocorrelation function
and the second one is to use information criteria. There are several information criteria
available to set the order p of an autoregressive process and all of them are likelihood
based. For example Akaike information criterion (Akaike, 1973) is defined as:
AIC 

2
2
ln(likelihood )  (number of parameters) ,
T
T

(1.10)

where the likelihood function is evaluated at the maximum-likelihood estimates and T is
the sample size. The former term in Eq. (1.10) measures the goodness of fit of the
autoregressive model to the data, whereas the latter is called the penalty function, since
it penalizes a potential model by the number of parameters used. To select neural
network architecture, Panchal et al. (2010) developed an algorithm based on AIC and
obtained notable results.
Another often used criterion function is the Schwarz-Bayesian information criterion. It
can be written for a Gaussian AR(p) as:
BIC ( p)  ln( p2 ) 

p ln(T )
,
T

(1.11)

where  p2 is the maximum-likelihood estimate of  a2 , the variance of at . Compared
with AIC, BIC prefers lower order of the AR model when the sample size is larger.

1.3.2 ARMA and ARIMA
In order to describe the dynamic structure of the data more precisely than AR model, an
autoregressive moving-average model (ARMA) was developed. ARMA combines both
AR and moving-average method into an integrated unit with adequate number of
parameters. Despite the fact that stock return time series are usually represented by
more complex structures than those provided by ARMA processes, these models often
serve as a benchmark against more complicated approaches.
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Firstly we have to define moving-average model of order q as:
rt     t  1 t 1  ...  q t q

(1.12)

where  is a constant term, { t } is a white noise and {t } are parameters.
Consequently, a general ARMA(p,q) model is then given in the form:
p

q

i 1

i 1

rt    i rt i   t  i t i

(1.13)

,

with { t } as a white noise and nonnegative integers p and q. Predictions of the
ARMA(p,q) model have similar properties as those of an AR(p) model after being
revised for the effect of the MA component on a lower horizon predictions. If we
identify the prediction origin by s and the available information by Fs , the j step ahead
prediction of rs 1 can be derived as:
p

q

i 1

i 1

rˆs ( j )  E ( rs  j | Fs )  0  i rˆs ( j  i )  i s ( j  i )

,

(1.14)

with the associated error of prediction es ( j )  rs j  rˆ( j )   s j .
The most common method for assessing the suitability of ARMA (and ARIMA) model
to describe a given time series was established by Box and Jenkins (1976) and is often
referred to as the Box-Jenkins methodology. Nevertheless, determination of a proper
ARMA(p,q) model for representing the obtained stationary time series includes several
problems. Even though experiments showed that the order of the model might depend
on the frequency of return series, the order selection, i.e. choice of p and q, and the
estimation of parameters remain demanding. The estimation issues for ARMA resemble
to those for MA model in a way that for assigning the values either iterative or some
other optimization procedure has to be used. There are several approaches to estimate
ARMA models, e.g. The Yule-Walker equations, the least squares estimator or the
maximum likelihood estimator.
To consider autoregressive integrated moving-average model ARIMA(p,d,q), we
difference the potentially non-stationary original series until it becomes stationary and
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model the new series in the standard ARMA framework. Primary data can be restored
from the differenced series by integration. Formally can be ARIMA(p,d,q) model
defined as follows:

 ( B)d rt     ( B) t ,

(1.15)

where  and  are p th and q th degree polynomials, B denotes the backward shift
operator,  d is d th difference of the modeled time series. For standard financial time
series d is usually equal to 1.
For interested reader a comprehensive description of ARMA and ARIMA models can
be found in Pankratz (1983) or Brockwell and Davis (1987).

1.4 Conditional Heteroscedastic Models
A standard assumption in linear analysis is the homoscedasticity, i.e. the constant
variance of error terms. The issue was, how to construct models that accommodate
unequal variances of errors, so that valid estimates of coefficients could be obtained.
When speaking about the time series volatility, researchers usually use the ter m
conditional variance and time-varying volatility, typical feature of stock returns, is
referred to as conditional heteroscedasticity.
Even though volatility is not observable directly, it has several often seen properties. As
mentioned in the third stylized fact in section 2.2, there exist volatility clusters, which
signifies high volatility for specific time periods and low volatility for others. Volatility
also evolves over time in a continuous way, it does not diverge to infinity and seems to
react variously to a big price growth or a price fall. These attributes play a fundamental
role in the creation of volatility models. If rt is a return of a stock at time t, the essential
idea behind volatility research is that the series {rt } is with minimal or zero serial
correlation, but it is a dependent series. The volatility analysis focuses on this
dependence in the return series.
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1.4.1 ARCH
The autoregressive conditional heteroscedasticity (ARCH) model, proposed by Engle
(1982), and its generalization, generalized autoregressive conditional heteroscedasticity
(GARCH) model, provide a most important framework to the time series volatility
investigation.
The fundamental idea of ARCH models is that the shock at of a stock return is serially
uncorrelated, but dependent and this dependence of at can be defined by a quadratic
function of its lagged values. Concretely, an ARCH(m) model is defined as:
at   t t ,

 t2  0  1 t21  ...  m t2m .

(1.16)

{ t } represents a series of iid random variables with zero mean and unit variance and

0  0 and i  0 for positive i. To secure that the unconditional variance of at is
finite, the coefficients  i must satisfy regularity conditions. As long as its unconditional
moments are constant, the time series with conditional heteroscedasticity can still be
stationary. From the arrangement of the model, it can be seen that large recent shocks
imply a large conditional variance  t2 for the  i . Hence, the large shocks seem to be
followed by subsequent large shocks.
Depending on distributional preconditions of { t } , various likelihood methods are used
in ARCH estimation. Supposing the normality, the likelihood function of an ARCH(m)
model is presented as:

f (a1 ,...aT   )   t m1
T

 a2 
exp   t 2 . f (a1,...am   )
2 t2
 2 t 
1

(1.17)

where   (0 ,1,...,m )T and f (a1,...am   ) is the joint probability density function of

0 ,1,...,m . Since the exact form of f (a1,...am   ) is complicated, it is often omitted
from the prior likelihood function in the case that the sample size is large.
It is worth to notice that for some applications a larger order m has to be used, since
large lags only lose their impact on volatility slowly. The drawback of a large m is that
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many parameters must be estimated under restrictions and if efficient estimation
techniques are to be employed, e.g. maximum likely hood method, the estimation of
large dimensional parameter spaces might be numerically demanding (Franke, Härdle
and Hafner, 2008). Another weakness of the ARCH is that it provides a mechanical
description of the conditional variance behavior, but does not offer any new
interpretation for understanding the source of variations of a financial time series. It
gives no reason for occurrence of such a behavior.

1.4.2 GARCH
Even though the ARCH(m) model is effective and simple, it frequently requires lot of
parameters to precisely define the volatility process of an asset return. Bollerslev (1986)
generalized this model by extending it with an autoregressive terms of volatility. The
augmented method is called generalized autoregressive conditional heteroscedasticity
(GARCH) model.
For a stock return series {rt } is a GARCH(m,d) designated as:

at   t t ,

m

d

i 1

j 1

 t2  0  i at2i    j t2 j ,

(1.18)

where again at is a shock at time t, { t } is a sequence of independent identically
distributed random variables with zero mean and unit variance. {i } and { j } are
known as ARCH and GARCH parameters, respectively, with 0  0 , i  0 ,  j  0
max( m ,d )

and


i 1

(i   j )  1 .

As in the case of ARCH, GARCH models with a conditional normal return distribution
imply unconditional distributions with heavier tails than the normal distribution.
Therefore GARCH allows for both volatility clustering and heavy tails, features which
can induce the leptokurtosis typically seen in financial return series.
Nevertheless, specifying the order of a GARCH model is not simple. In most
applications only low order models are used, such as GARCH(1,2) etc. Another
shortage of the standard GARCH process is that it cannot model asymmetries of the
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volatility with respect to the sign of recent shocks. This issue is implied by squared
form of lagged shocks in Eq. (1.18), since they influence the level but not the sign.
Therefore there is no difference between the impact of positive or negative information
on the volatility. But empirically the observed effect of negative information on the
volatility is larger than the positive one.
To capture more effectively some particular characteristics observed in specific
financial data, or just for sake of computational reduction, there has been established a
number of diversified specifications for the conditional heteroscedasticity extending
ARCH and GARCH models. For instance, the exponential GARCH (EGARCH)
proposed by Nelson (1991), the integrated GARCH (IGARCH) by Engle and Bollerslev
(1986), or long memory GARCH (LMGARCH) by Robinson (1991), inter alia.
For a deeper insight into the topic of conditional heteroscedastic models in finance we
recommend Francq and Zakoian (2010) and the references therein.

1.5 Other Nonlinear Models
Despite the fact that most of econometric and time series methods are designed to detect
linear structure in financial data, many aspects of economic behavior might not be
linear. Often is the assumption of linearity accepted for computational convenience
rather than believed to be authentic. Interactions among market participants, absorption
of new information into stock prices or the dynamics of fluctuations are usually too
complex to be linear. Hence a new class of methods had to be created to capture the
nonlinear connections in economic events. In the last part of this chapter we focus on
the description and the most noted representatives of linear time series models.
If a particular stochastic process has to be modeled otherwise than by Eq. (1.5), we
might denote it as nonlinear. Thus for the stock returns {rt } we can write the purely
random time series model in a form of an iid series consisting of the current and past
shocks {at } , i.e.:

rt  f (at , at 1,...).
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In fact, the conditional heteroscedastic models from previous section are nonlinear in
variance, since their conditional variances  t2 evolve over time. The models reviewed
here present a nonlinearity of conditional mean equation. The fundamental idea is to let
the conditional mean t change over time in compliance with some nonlinear function.
Nowadays, a variety of nonlinear models have been designed within the context of
growing computational power of modern computers. In addition to references given
throughout the following lines, more detailed description of nonlinear time series
models is available in Franses and Dijk (2003) or Tong (1990). But before focusing on
the nonlinear techniques, it is useful to verify whether the data are really nonlinear by
using some suitable nonlinearity test, e.g. RESET test which will be described in
subsequent text.

1.5.1 Threshold Autoregressive Model
Threshold autoregressive model (TAR) is based on a couple of nonlinear features often
experienced in practice such as asymmetry in decreasing and increasing patterns of a
process. In parts it employs linear models to receive a preferable approximation of the
conditional mean. To enhance linear approximation it uses threshold space.
We say that time series {rt } acts as a k-regime self-exciting TAR (SETAR) model with
threshold variable rt i if holds:

rt  0( j )  1( j ) rt 1  ...  p( j ) rt  p  at( j ) ,

 j 1  rt i   j ,

(1.20)

where i is called as delay parameter and  j as thresholds. k and i are positive integers,

 j and j are real values such that    0   1  ...   k 1   k   . j signifies the regime
and {at( j ) } are independent identically distributed series with zero mean and variance

 2j , independent to each other for different j. TAR is nonlinear subject to k  0 .
Relatively little is known about the stationary distributions of TAR models. In common,
to evaluate the stationary distribution of {rt } , numerical procedures have to be used.
Several potential methods are mentioned in Moeanaddin and Tong (1990).
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1.5.2 Markov Switching Model
Markov switching model (MSW) belong to category of regime-switching methods
assuming that the regime existing at time t cannot be captured, since it is designated by
an unobservable process, denoted by st . In MSW, constructed by Hamilton (1989), st is
supposed to be a first-order Markov process, i.e. st depends only on the previous
regime, st 1 . A time series follows such a MSW model if:
p

rt  c1  1,i rt i  a1t
i 1

if st  1,

or

(1.21)

p

rt  c2  2,i rt i  a2t
i 1

if st  2.

where P( st  2  st 1  1)  w1 and P( st  1  st 1  2)  w2 . A minor wi indicates that the
model leans to remain in state i longer. {ait } is innovation series or random iid variables
with zero mean. MSW differs from TAR in the sense that it uses a hidden Markov chain
to run the transition from one condition mean function to another, whereas in TAR is
the transition assessed by separated lagged variables.
To estimate MSW model is quite demanding, since the states are not directly
observable. One of the possibilities is to consider a Markov Chain Monte Carlo
(McCulloch and Tsay, 1994). For details about Markov switching model we suggest
Hamilton (1994).

1.5.3 Nonparametric Models
In many financial problems, decision maker might not possess adequate knowledge to
state the nonlinear composition of the process, or sometimes it could be just useful to
utilize the evolution of computational devices to examine its functional properties. Such
reflections implied the research of nonparametric techniques.
The key principle of mentioned methods is smoothing. Let the two economic variables
X and Y be related as:
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Yt  f ( X t )   t .

(1.22)

f ( ) denotes an unknown nonlinear function and { t } is a white noise series. Suppose

we want to estimate f ( ) at a specific date for which X  x . Having repeated
independent observations y1 ,..., yT , the data come to be:

yt  f ( xt )   t ,

for

t  1,..., T .

(1.23)

If we average the data, according to law of large numbers, the mean of the shocks
converges to zero with growing T, i.e. the second term on the right side of the Eq. (1.23)
is zero and y provides a consistent estimate of f ( x ) .
Since there are no repeated observations attainable in financial time series, we only
dispose with set of {( xt yt )} for t  1,..., T . But if the f ( ) is enough smooth, the value
of Yt for which X t  x offers a valid approximation of f ( x ) . With increasing distance
between X t and x for given Yt , the approximation is less correct. As an
accommodation, a weighted average of yt can be used:
1 T
fˆ ( x )   wt ( x ) yt ,
T t 1

(1.24)

with weights wt greater for yt with xt approaching to x and vice versa. Single
nonparametric methods differ either by way of assigning the distance between xt and x,
or in a manner they modify the weights.
Likely the most employed technique in smoothing is called Kernel regression. Weights
are determined here by a probability density function (kernel), denoted as K ( x ) ,
K ( x )  0 and

 K (u)du  1 .

To raise the adaptability in distance measure, K ( x ) is

typically rescaled by a positive number s named the bandwidth. If s is small, the weights
concentrate on a number of observations around every xt . On the other hand, if it is big,
large neighborhood of xt is covered. Consequently, the rescaled kernel can be written
as:
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1
K s ( x )  K ( x / s),
s

where  K s (u)du  1

(1.25)

and weights function is:
wt ( x ) 

K s ( x  xt )
T

K (x  x )
t 1

s

.

(1.26)

t

The denominator has a normalization function securing the sum of weights to be one
and makes the smoother flexible to the local strength of X . There is a couple of
possibilities for the kernel option, including Epanechnikov (1969) or model proposed by
Nadayara and Watson (1964). Another substantial part in the kernel regression plays the
choice of bandwidth, s.
In case of interest, a comprehensive publication about the kernel regression, and another
nonparametric methods is Gao (2007), alternatively Fan and Yao (2005) can be used.
After this brief review of more or less traditional financial time series
forecasting methods, the rest of the thesis will be devoted to the one of the most
attractive nonlinear models, artificial neural networks.
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According to Efficient Market Hypothesis, no method can constantly beat the market
and the best strategy for stocks trading is to buy and hold. Many procedures have been
developed, trying to dispute the validity of EMH in financial time series area and
predict the evolution of stock markets with prospect of continual profits. Some of the
traditional ones are briefly described in Chapter 1. But the rapid development of
computer science in recent years enabled both academics and practitioners to utilize
new potential ways of stock market returns analysis and prognosis. Since the aim of this
thesis is to create such a method based on one of the most perspective contemporary
tools, artificial neural networks, this chapter is devoted to the characteristic of this
technique.
In the first section we shortly review the extensive literature about neural networks
(NN) in stock returns research. Then we concentrate on the basic principles, biological
background and network architectures. Next part focuses on an essential issue, learning
algorithms. It describes most widely used methods, such as Gradient descent, Conjugate
gradient or Quasi-Newton methods. In the last part we aim at several drawbacks of
backpropagation learning which we would like to fix with our new method presented in
Chapter 4.

2.1 Neural Networks in Stock Returns Analysis
Existing publications about the stock returns prediction can be separated into the two
streams. First one is convinced that neural networks are useless in this field and do not
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offer any improvement comparing to other forecasting models. The second stream is
much larger and regards them as an outstanding method with a lot of successful
applications. Published research on stock return and NN differs in compliance with
neural networks methodology, data used or evaluation of the model.
The backpropagation (Rumelhart, Hinton and Williams, 1986) training is without
question most used learning method in stock returns forecast studies. For instance,
Brownstone (1996), Oh and Kim (2002), or Quah and Srinivasan (1999) focused on
backpropagation NN and obtained noticeable results. Lim and McNelis (1998), Kohzadi
et al. (1996), or Yim (2002) analyzed whether neural networks outperform traditional
financial time series forecasting models and all authors concluded that neural networks
are superior to conventional techniques.
Beyond backpropagation, many academics have been interested in searching for further
types of network training for stock returns. To raise the generalization ability of the
network, Hochreiter and Schmidhuber (1997) introduced an algorithm locating a flat
minimum of the error function. Authors agreed that it significantly overwhelmed former
models. The recurrent network type was chosen by Kim and Chun (1998), Saad,
Prokhorov and Wunsch (1998) and Kohara et al. (1997). All of them concluded that
recurrent networks have very promising potential.
Substantial feature in neural networks design is a proper selection of number of neurons
and hidden layers. Initially, networks with only one hidden layer were preferred (e.g.
Swales and Yoon, 1992) but later on, to correctly capture the nonlinear patterns in stock
data, networks with more hidden layers and smaller number of neurons have been
developed, such as Desai and Bharati (1998), or Motiwalla and Wahab (2000) with 9
hidden layers.
As the datasets for stock market returns forecasts have been used stock indices, related
financial instruments, or individual corporate stocks. Among most examined stock
indices are Standard and Poor´s 500 Stock Exchange (e.g. Dorsey and Sexton, 1998),
Dow Jones Industrial Average (e.g. Gencay, 1998), alternatively Central European stock
exchanges (e.g. Baruník, 2008, or Siekmann et al. 2001). The effectiveness of
employing external indicators, such as exchange rates, in the Dow Jones IA movements
was studied by O´Connor and Madden (2006). They demonstrated certain gain from
using external features when forecasting the price movements. LeBaron and Weigend
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(1998) used the New York Stock Exchange data to explore the uncertainty in the
solution implied by the data splitting procedure. Recently, lot of research about neural
networks has been done with data from Asian stock markets, such as Lam and La m
(2000), Kuo (1998), and Chen, Leung and Daouk (2003). Latter group of authors
compared outcomes of neural network with that of generalized method of moments with
Kalman filter, and demonstrated that NN based investment strategies yield larger gain
than any other explored model.
Pantazopoulos et al. (1998) concentrated on IBM shares prices, while Hung, Liang and
Liu (1996), Fernandez and Gomez (2007), or Lowe (1994) presented optimal portfolio
selection strategies. An adaptive neural system was proposed by Dantas and Seixas
(2005), which monitored the quality of the data samples and either warned the
supervisor or took the action in case of irregular sample in the time series.
Artificial neural networks have been extensively studied in the field of finance and
existing literature is really vast. For additional review of neural networks applications in
stock returns prediction and finance we refer the reader to Zhang (2009), Trippi and
Turban (1996), Kamruzzaman, or Begg and Sarker (2006), McNelis (2005) and Zhang
(2004).
A very popular topic in recent years has been the merger of neural networks and other
techniques, especially the modern metaheuristic methods. Combination of more
approaches can help to overcome several NN limitations, therefore the numerical
optimization methods, genetic algorithms, or fuzzy logic are often implemented into the
neural networks framework. As will be evident from subsequent text, even this thesis is
aimed at development of more reliable prediction system integrating neural networks,
genetic algorithms and simulated annealing. For the sake of transparency, the literature
reviews for the heuristic methods are located in corresponding sections.

2.2 Fundamentals of Artificial Neural Networks
Artificial neural networks are computational structures which are based on simulation of
the biological central nervous system. This simulation borrows from the knowledge of
biological neurons and, contrary to other computational methods, by using relatively
simple mathematical operations they solve ill-defined, nonlinear or stochastic issues.
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Another benefit of NN is that they function in a parallel manner and therefore are
insensitive to deterioration of several neurons. This characteristic is allowed due to their
biological background and that is why we start with biological neural networks first.

2.2.1 Biological Background
The biological nervous system consists of interconnected neurons as in Fig. 2.1. The
neuron is an individual cell characterized by structural properties that represent very fast
changes in voltage among adjacent neurons (Churchland and Sejnowski, 1992). A cell
body (soma) is the centre of computational processes.

Figure 2.1: A biological neuron

In a form of electrical triggers, neural activity proceeds from one cell to another along
neuron´s axons and then through synaptic links at the end of the axon and via a very
close synaptic space to the dendrites and body of the near-by neuron. Single neuron
might have several hundreds of synapses and be connected to many other neurons. Each
of them acts like a parallel processor, receives many action potentials and transmits
pulses to plenty of neighbors. In this manner biological neurons create a neural network.
The key property of these networks is that the connections are not weighted uniformly.
Some have a higher importance than others. And such form of interconnections is also
the essence of artificial neural networks.
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2.2.2 Simple Artificial Neuron
A single neuron (node) is an information-processing unit that is fundamental to the
functioning of a neural network (Haykin, 1999). Fig. 2.2 shows the model of an
artificial neuron.

Figure 2.2: An artificial neuron

On the scheme we can see elementary parts of a neuron. Each synapsis or connection is
determined by its weight. Concretely, a signal x j at the input of synapsis j linked to
neuron i is multiplied by weight wij . The neuron sums all the inputs it receives, with
each input being multiplied by affiliated weight on the synapsis. Activation or squashing
function restricts the amplitude range of the neuron output to some limited value,
typically from minus one to one or zero to one. Model on Fig. 2.2 contains also bias
term, bi .

Mathematically, a neuron i can be defined by following equations:

yi   ( si  bi ),
where si  bi is denoted as induced local field or activation potential oi and
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m

si   wij x j .

(2.2)

j 1

x1 ,..., xm are the neuron inputs, wi1,..., wim are the synaptic weights, si is the linear
combiner output of the input signals, bi denotes bias term,  () is the activation
function, and yi output of the neuron. The bias bi is an external parameter and has an
effect of using affine transformation to the output of the linear combiner, therefore the
line of oi versus si does not intersect the origin of coordinate system.

A very important decision that researcher has to consider is the choice of activation
function  () . There are several types of activation functions appearing in literature.
First one is the threshold function in a form:

 (o )  1
0

if o  0
if o  0.

(2.3)

This simple kind of neuron was presented by McCulloch and Pitts (1943) and it has allor-nothing property, i.e. it fires the signal if its induced local field is nonnegative and
does not fire otherwise. The threshold activation function is illustrated on Fig. 2.3.

Figure 2.3: The threshold activation function

The second type of activation function is piecewise-linear function. It is described by:
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o

1 if

 (o)  o if



0 if

1
2

1
1
o
2
2
1
o .
2

(2.4)

The structure of an activation function might be considered as an approximation to a
nonlinear amplifier. The piecewise-linear function is depicted on Fig. 2.4.

Figure 2.4: The piecewise-linear activation function

Particular function is selected based on the problem that the network is attempting to
solve. The most used sort of activation functions are the sigmoid functions with sshaped curve. They are defined by:

 (o) 

1
1  exp( ao)

(2.5)

with a as the slope parameter. By increasing a, we receive more steep sigmoid functions
and with a increasing to infinity, the sigmoid function becomes a threshold function.
The sigmoid functions are differentiable and assume a continuous range of values from
0 to 1. Often used is also function of hyperbolic tangent, defined by:

 (o)  tanh(o) 
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Graphs for sigmoid functions with different values of slope a and curve of hyperbolic
tangent activation function are illustrated in Fig. 2.5 and Fig. 2.6, respectively.

Figure 2.5: Sigmoid activation functions with various slopes

Figure 2.6: The hyperbolic tangent activation function

Assuming that the integration function at each neuron is only the sum of the inputs, a
differentiable activation function makes the functions calculated by the network
differentiable, because the network itself calculates only compositions of the function
(Rojas, 1996).

2.2.3 Network Architectures
Network architecture designates the way neurons are connected and organized. In a
single-layer feedforward network there is an input layer of source neurons that process
the signal onto an output layer. The information proceeds strictly acyclic and it is not
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delivered back. Term single-layer is used, since there is no calculation in the input
layer. This type of networks occurs rare in practice.
Much more interesting group of feedforward network, called multilayer feedforward
networks, contains one or more hidden layers with hidden computational neurons. By
adding hidden layers, the network acquires the ability to extract high-order statistics,
especially with larger size of the input layer. The output signals from the previous layer
are applied as input signals to the next layer. Typical notation of multilayer network
structure is

i  h1  h2  ...  hN  o where i indicates number of input nodes,

h1  h2  ...  hN represent number of neurons in each hidden layer and o is a number of
output nodes. An example of multilayered feedforward network is presented on Fig. 2.7.

Figure 2.7: Multilayer feedforward 4-5-5-2 neural network

The network on the diagram is fully connected, i.e. every neuron from each layer is
interconnected to all neurons in subsequent layer. If some of synapses are missing, the
network is just partially connected. Provided that the activation functions of the hidden
neurons are nonlinear, it has been proven (Cybenko, 1989; Hornik, Stinchcombe and
White, 1989) that a network with just one hidden layer is able to approximate to
arbitrary precision any function with finitely many discontinuities. Networks with
threshold squashing function might require two hidden layers (Sontag, 1992).
In many cases, feedforward networks cannot solve the issue because they are not able to
preserve the trajectory of previous results. Contrary to them, recurrent neural networks
include feedback loops. Feedback network can be described as one that permits its
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outputs to be inputs in former layers, i.e. it recycles its own partial computations. The
existence of feedback loops has not only impact on the learning capability, but allows
also using of unit-delay elements, d 1 , which enable dynamical behavior. Simple
recurrent network with hidden neurons is demonstrated on Fig. 2.8.

Figure 2.8: Recurrent neural network

Recurrent networks resemble moving average process, mentioned in Chapter 1, where
the dependent variable y is a function of obtained inputs x much like as present and
lagged values of the random shock,  . Similar to MA, recurrent neural network utilizes
current and lagged values of neurons in hidden layer. This type of network is mostly
used in high-frequency, e.g. real-time, stock data analysis.

2.2.4 Network Learning
The main feature of a neural network is the capability to learn from the data by iterative
process of adjustments performed on its connection weights and biases. Every
accomplished iteration should increase its understanding of the surrounding
environment. External impulses make the network modify its free parameters and due to
consequential changes in internal structure, network responds to the impulses in a new
way. The method how the network updates the weights and biases is called a learning
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algorithm. Various learning algorithms distinguish from each other in the way the
adjustment is made.
There exist two basic learning approaches. First one is supervised learning or learning
with teacher. It might be considered as the process where surrounding environment is
presented to the network via input and output samples. The teacher is competent to
provide the network with a desired output for given vector of inputs. In a matter of fact,
the hoped-for output may be referred to as an optimal achievement of the network and
the parameters are then modified under the tension of error impulse. This impulse
represents the difference between the reached and desired output of the network. Error
for the neuron i is defined as:

ei (n)  ti (n)  yi (n).

(2.7)

ti (n ) is the target output of the neuron, yi denotes the actual output and n indicates the
iteration step. When the intended criterion is met, teacher is removed, and network is
ready to handle the environment itself. Goal of the learning process is to reduce the
difference between target and actual output of the network by minimizing its cost
function:
1
2

 (n )  ei2 (n ).

(2.8)

This method was introduced by Widrow and Hoff (1960) and is known as Widrow-Hoff
delta rule. In compliance with this rule, the update of connection weight between
neuron i and anterior neuron j is given by:
wij (n)   ei (n) x j (n),

(2.9)

where x j (n ) is input into neuron i and  is a positive constant termed learning rate.
The modified value of connection weight is then set as:
wij (n  1)  wij (n)  wij (n).
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Supervised method of network learning is used also in this work and the most popular
error correction learning rule, backpropagation, is discussed in subsequent section.
Necessary process in the supervised learning is the division of the data into three
separate groups. The first group is called the training set and is used for calculating the
error signal to modify the connection weights and biases. Next group is denoted as the
validation set. Objective of the validation set is to monitor the error during the learning
progress. In the early phase of the training should the validation error, as well as the
training error, decline. When the network starts to overfit the training data, training error
still decreases, but validation error starts to rise.
Basically, network is learning patterns in presented inputs, but when it begins to lose its
generalization ability, validation error increases. Stored optimal connection weights and
biases are those which produced minimal value of the validation error. The third group
of data, not used during the training, is called testing set. It is used to evaluate the
overall performance of the network and compare various methods.
In practice, supervised learning might be done in two different modes. Incremental
learning updates all weights after receiving each training pattern, whereas in case of
batch learning, weights are changed after the exploration of all training examples. The
stochastic nature of incremental learning makes the training less likely to get stuck in
local minimum, but batch mode guarantees convergence to some kind of minimum,
whether global or local. Due to nature of our research, we use batch learning mode.
Under the unsupervised learning, there is no teacher involved, i.e. no target examples
are presented to the network. Once the network reco gnizes patterns in the source data, it
develops an appearance of the input in its own internal structure. Examples of learning
without teacher are Hebbian learning, named in honor of Hebb (1949), or selforganizing maps (Kohonen, 1982).

2.3 Backpropagation
The realization of backpropagation method comprises of two particular calculation
movements. Forward movement does not change the connection weights and
progressively computes the outcome of the network. Output signal of each neuron is
transmitted to the neurons in following layer, until the last layer is reached. The result of
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the network is then compared with expected target and network generates corresponding
error signal for all output layer neurons.
Backward movement, in contrast to the former one, sends the error signals from output
neurons back over the network, applying the weight update according to some specific
rule. This recursive calculation is performed neuron by neuron, providing the
modifications to all connection weights. Goal of the process is to find an optimal vector
of weights minimizing the cost function of the network. To accomplish the task, various
numerical optimization algorithms might be used, from gradient based methods to
stochastic optimization and heuristics.
Subsequent sections are devoted to several optimization algorithms that are usually used
to modify connection weights in feedforward networks with backpropagation learning.

2.3.1 Gradient Descent
Let (n ) denote the value of total error energy obtained by summing Eq. (2.7) over all
output neurons l in last layer, i.e. the observable neurons:
E (n ) 

1 Z 2
 el (n),
2 l 1

(2.11)

Z is the number of all output neurons and n  N designates the presented training
example or iteration. The mean squared error (MSE) is then defined by summing total
error energies over N and normalizing:
MSE 

1 N
 E (n),
N n 1

(2.12)

MSE is the function of all free parameters of the network and for most neural networks
constitute the cost function of learning operation. The major task of learning process is
to minimize MSE by modifying free parameters of the network. The weight update is
done in line with the error calculated for each sample assigned to the network. Average
of the weight updates over the whole presented data set can be considered as an estimate
of the genuine update resulting from changing weights based on minimizing MSE over
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the presented data set. The activation potential ol (n ) of the output neuron l, produced
by the neurons from the previous layer, is then:
m

ol (n )   wli (n ) yi (n ),

(2.13)

i 0

with yi being the output from previous neuron i, m is the number of inputs and weight

wl 0 represents the bias of neuron l, bl . Therefore the outcome of output neuron l at
iteration n is:

yl (n)  l (ol (n)),

(2.14)

where  l () is activation function selected for neuron l. The backpropagation algorithm
modifies weights wli (n ) according to partial derivative of E (n) with respect to wli (n).
Using the chain rule for computing the derivative, corresponding gradient might be
defined as:
E (n ) E (n ) el (n ) yl (n ) ol (n )

.
wli (n ) el (n) yl (n) ol (n ) wli (n )

(2.15)

As a vector in synaptic weight space, gradient may be referred to as a direction of
steepest increase in E (n) . Differentiating particular fractions we obtain:
E (n )
 el (n),
el (n)

el (n )
 1,
yl (n)

yl (n )
 l, (ol ( n)),
ol (n )

ol (n )
 yi ( n),
wli (n )

(2.16)

Hence it can be written that:
E (n )
 el (n )l, (ol (n )) yi (n ).
wli (n )

(2.17)

Delta rule determines the weight update realized on wli (n ) as:

wli (n )  
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with  denoting the learning rate. Minus sign in Eq. (2.18) signifies the direction of
change that should decrease the magnitude of E (n) , and is denoted as a gradient
descent representation. Demonstration of gradient descent trajectory is illustrated on
Fig. 2.9.

Figure 2.9: Trajectory of gradient descent steps

Combining Eq. (2.17) and (2.18) we finally get:

wli (n)   l (n) yi (n),

(2.19)

where  l (n) is known as a local gradient expressed by:

 l (n)  

E (n)
 el (n)l, (ol (n)).
ol (n )

(2.20)

The local gradient based on error signal el (n ) is an essential parameter of the desired
weight update. Affected by position of the specific neuron in the network structure, we
distinguish two separate approaches of  l (n) computation. If neuron l is located in the
last layer of the network, it is relatively simple to compute the particular error signal,
since it is provided with an expected target of its own and  l (n) is calculated according
to Eq. (2.20).
On the other hand, if neuron h occurs in a hidden layer, it has no concrete hoped-for
outcome and its error signal has to be determined recursively by means of error signal
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of all other neurons to which it has synapses. Consistent with Eq. (2.20), we might
determine the local gradient of hidden neuron h:

 h (n)  

E (n ) yh (n )
E (n ) ,

h (oh (n)).
yh (n ) oh (n )
yh (n )

(2.21)

The procedure of computing the partial derivative of E (n) with respect to yh (n) is
described in Appendix 1 and therefore we are able to express the local gradient formula
for hidden neuron h as:

 h (n)  h, (oh (n)) l (n)wlh (n),

(2.22)

l

where h, (oh (n)) depends primarily on the selection of activation function for neuron h.
Since the derivative of  h is needed, activation function of each neuron has to be
continuous. Above all, logistic and hyperbolic tangent functions, described in section
2.2.2, are often used.
An extension to gradient descent method is so called gradient descent with momentum,
with weight update defined as:

wli (n)   l (n) yi (n)  wli (n  1),

(2.23)

where wli (n  1) is weight change performed in previous iteration and  is parameter
between 0 and 1 named momentum. Adding  term has the effect of gradually
enhancing or reducing the update size, and so influencing the convergence speed. If
momentum is close to 0 the modification approaches to ordinary gradient descent
method, whereas if it is near 1, the weight change is highly affected by the preceding
update. Comprehensive treatment of gradient descent optimization can be found in
Bonnans et al. (2006).

2.3.2 Quasi-Newton Methods
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As shown in the former section, the essence of gradient descent algorithm is to
determine an update direction, learning rate and modify weights at each iteration. When
the proper direction is attainable, the issue is how long it should follow the current
course before a new one is chosen. The addition of momentum variable can be
considered as an attempt to utilize some supplementary knowledge, but it is just another
parameter that has to be stated by researcher. For the purpose of convergence
enhancement, second-order information about the error surface might be beneficial. Let
w(n) be a vector in the weight space, such that the second-order Taylor series

approximation of the error function can be written as:
1
E ( w(n)  w(n))  E ( w(n))  GT (n) w(n)  ( w(n))T H(n) w(n),
2

(2.24)

2E
E
w  w ( n ) a local
where G(n ) 
w  w ( n ) is a local gradient vector and H(n ) 
w 2
w
Hessian matrix at w(n). Optimal connection weights update is, according to Newton
method:

w(n)  G(n)H1 (n).

(2.25)

To prevent the problems associated with the exact computation, an essential task for
learning algorithms is to resolve the inversion of the Hessian matrix (Gupta, Jin and
Homma, 2003).
One of the possibilities is using so called quasi-Newton methods, which involve only
positive definite estimate of H 1 without requiring matrix inversion. The weight change
equation for quasi-Newton methods can be written as:
w(n)  G(n)A(n).

(2.26)

where A(n) is a positive definite approximation matrix modified at each iteration, suc h
that:
lim A(n)  H1.
n
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This method utilizes curvature knowledge of E without exact need of H , utilizing pair
of successive connection weights iterates with respective gradient vectors. If:
w  w(n  1)  w(n),

(2.28)

G(n)  G(n  1)  G(n),

(2.29)

and

in compliance with quasi-Newton equation holds:
A(n  1)G(n)  w(n).

(2.30)

Supposing i linearly independent weight changes w(0), w(1),..., w(i  1) and j
particular gradient changes G(0), G(1),..., G( j  1) , the Hessian matrix inverse
might be estimated by:

H1 w(0), w(1),..., w(i  1)G(0), G(1),..., G( j  1)1.

(2.31)

As most noted quasi-Newton methods could be regarded BFGS 3 and DFP 4 algorithms,
where matrix A(n  1) is calculated recursively utilizing its former value A(n) ,
together with vectors w and G and used in Eq. (2.26) until minimum is reached.
DFP update formula can be written as:

A(n  1)  A(n) 

w(n)wT (n) A(n)G( n) GT ( n) A( n)

.
GT (n)G(n)
GT (n)A(n) G(n)

(2.32)

Disadvantage of these methods is the computational complexity, since they require
storage of matrix A(n) and extensive vector multiplication. Therefore they are usually
applied to train smaller neural networks. For an extensive elaboration about quasi Newton methods see Nocedal and Wright (2006) or Dennis and Moré (1977),
alternatively.

3
4

Broyden (1970), Fletcher (1970), Goldfarb (1970) and Shanno (1970)
Davidon (1976), Fletcher (1970) and Powell (1975)
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2.3.3 Levenberg-Marquardt Algorithm
Similar to the antecedent method, the Levenberg-Marquardt (LM) algorithm was
presented to achieve second-order information and speed without the necessity of the
Hessian matrix. The idea was proposed by Levenberg (1944) and Marquardt (1963) and
is very well suited to neural network learning, because it was constructed for cost
functions that are sums of squares of other nonlinear functions, similar to network error
function. For that reason several successful applications of LM method have been
shown in network training, e.g. by Basterrech et al. (2011) or Subudhi and Jena (2008).
Recalling from previous sections, E (n) is a sum of squared functions as in Eq. (2.11).
The gradient vector can be therefore defined as:

G(n)  JT (n)e(n),

(2.33)

where J is the Jacobian matrix consisting of first derivatives of the network errors with
respect to the connection weights. Corresponding Hessian matrix can be defined as:

H(n)  JT (n)J(n).

(2.34)

To overcome troubles with invertibility of H(n) , following approximation might be
used:
F(n)  H(n)  I.

(2.35)

Assume for H(n) that v1 v 2 ,..., vW  denote its eigenvectors and 1 2 ,..., W  are its
eigenvalues. Then:

F(n)vi  H(n)  Ivi  H(n)vi   vi  (i   )vi .

(2.36)

The eigenvectors of F(n ) are equal to eigenvectors of H(n) and F(n ) can be made
positive definite by raising  until for all i holds (i   )  0 , such that matrix will be
invertible.
Thus the Levenberg-Marquardt algorithm updates weights in the following direction:
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w(n)  JT (n)J(n)  I1 JT (n)e(n).

(2.37)

This formula is relatively simple and convenient, because Jacobian matrix is easier to
handle and its computation resembles standard backpropagation. For implementation
details see Hagan, Demuth and Beale (1996). In case that  is zero, LM algorithm
becomes a Newton method with approximated Hessian matrix. On the other hand, with
increasing  , LM approaches to gradient descent with a small learning rate.
This method realizes a balance between convergence of gradient descent and speed of
Newton method. The only drawback of Levenberg-Marquardt method is the storage
necessity. It contains matrix inversion, therefore requires a lot of computation per each
iteration to store the approximated Hessian matrix H(n)  JT (n)J(n). LM appears to be
the fastest training algorithm for middle-sized neural networks (e.g. Hagan and Menhaj,
1994), but with growing number of parameters it is impractical to use and more suitable
technique is needed.

2.3.4 Conjugate Gradient
Since Hestenes and Stiefel (1952) presented first linear conjugate gradient (CG)
technique, various alternatives have been proposed, and most of them are extensively
used in practice. This iterative procedure is an equivalent to Gaussian elimination and,
contrary to quasi-Newton algorithms, it is designed for solving large systems of
equations. Therefore couple conjugate gradient methods have been successfully
introduced as neural network learning schemes (e.g. Battiti, 1992).
The conjugate gradient algorithm is often regarded to as an interconnection between the
gradient descent and Newton or quasi-Newton models. It is a particular type of
backpropagation learning, using the second-order partial derivatives from Eq. (2.24) to
modify the momentum parameter and the learning rate. To speed up the convergence, it
employs information about the direction for w from anterior iteration. Important
advantage of CG principle is the appropriateness for large scale problems, i.e. networks
with many hidden neurons.
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Conformable with Eq. (2.10), the conjugate condition for the weight update vectors is
as follows (Van Der Smagt, 1994):
(w(n))T H(n)w(n  1)  0,

(2.38)

where H(n) is local Hessian matrix.
The course of minimization is always chosen in order not to spoil steps in former
directions. If we suppose starting location w(0) , the first minimization direction w(0)
is set according to G(0). A corresponding line minimization then products a vector
w(1) with gradient G(1) orthogonal to w(0) . Generally, when the direction w(n) is

selected and a line minimization to the point w(n  1) accomplished, the local gradient
G(n  1) has to be orthogonal to G(n),..., G(1), G(0), i.e.:
wT (n)G(n  1)  0.

(2.39)

Since the goal is not to break this minimization movement in following points, the
gradients of next step has to be orthogonal to w(n) as well, therefore:
wT (n)G(n  2)  0.

(2.40)

Combining equations (2.39) and (2.40) we obtain:
wT (n)G(n  2)  G(n  1)  0.

(2.41)

According to optimal weights update equation (2.25), we can write:
wT (n)H(n) w(n  2)  w(n  1)  wT (n)H(n)w(n  1)  0

(2.42)

so that Eq. (2.38) holds. In compliance with the conjugate condition, the new point is
reached through line minimization and Eq. (2.24) is thus minimized by modeling a
sequence of iterative approximations of w(n  1) in form:
w(n  1)  w(n)   (n)w(n),

where
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w(n)  G(n)   (n  1)w(n  1).

(2.44)

 (n) represents momentum parameter and  (n ) denotes the time dynamic learning
rate so that (Hestenes, 1978):

 (n) 

(n)
,
 (n)

(2.45)

where

(n)  wT (n)G(n),

 (n)  wT (n)s(n),

(2.46)

and
s(n)  H(n)w(n).

(2.47)

Since it is very computationally difficult to exactly calculate and store the Hessian
matrix H(n) ,  (n ) is often approximated using following line search procedure
(Dennis and Schnabel, 1996):

 (n)  min w(n)  w(n));  0.


(2.48)

So  (n ) is then the minimum for E (n) along the line w(n)   (n)w(n) . Application
of line search method enables the algorithm to avoid the demanding calculation of
H(n) . Several formulations have been also designed for the momentum term, e.g.

nonlinear alternatives developed by Polak and Ribiére (1969), Fletcher and Reeves
(1964), or original linear variant can be applied:
(i)

Polak and Ribiére
 (n) 

(ii)

(G(n  1))T G( n  1)  G( n)
,
(G(n))T G( n)

(2.49)

Fletcher and Reeves
 (n) 

(G(n  1))T G(n  1)
,
(G(n))T G(n)
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Hestenes and Stiefel
 (n) 

If  

1
1   ( n)

GT (n  1)G(n  1)  G( n)
.
( w(n))T G(n  1)  G( n)

(2.51)

, Eq. (2.44) for the minimization course can be written as a conve x

combination of the gradient descent method and the last step direction (Wong, Chan and
Lam, 2000):
w(n) 

1



 ( G(n))   (1   )w(n  1)

(2.52)

The main advantages of these algorithms are higher computational speed than gradient
descent and no matrix storage, therefore they are suitable for larger networks with lot of
parameters. For that reason we use modified version of conjugate gradient learni ng
procedure in our hybrid network. Detailed description of conjugate gradient
optimization techniques can be found in Schewchuk (1994).

2.4 Problems with Backpropagation
Even though the backpropagation procedure is most used method for neural network
learning, it has some shortcomings. Many features that influence its learning
achievements have to be handled in order to obtain a pleasurable outcome. Depending
on specific algorithm, these features consist either of initial parameters selected by
researcher, such as network topology, momentum step and learning rate magnitude, or
are effects of particular minimized error function, such as local minimum problem.
Since the size of momentum term and learning rate can be solved by using conjugate
gradient method, we focus on the rest, i.e. choice of initial weights, local minimum
problem and determination of network topology.
Initially chosen values of synaptic weights for the minimization procedure is very
important aspect influencing the learning algorithm. Despite the fact that the
convergence to some kind of minima should be theoretically guaranteed, it is
44

Chapter 2

Neural Networks

complicated to select the initial value of the weights to be close to global minimum. The
information about global minimum is generally not available, therefore the common
practice is to choose the weights randomly from before specified interval, usually
between -1 and 1. Nevertheless, this procedure does not ensure the level of desired
convergence.
Another shortage of backpropagation, closely related to initial weight selection, is the
local minimum problem. A perfect learning algorithm for the synaptic weights should
find an optimal vector of weights leading to a global minimum of cost function in t he
weight space. But gradient based methods ensure convergence only to a stationary
point, i.e. local minimum or saddle point, depending on the initial set of weights, as
shown on Fig. 2.10.

Figure 2.10: Local minimum problem

These methods are, in fact, a hill climbing algorithms involving high risk of being
trapped in a local valley whenever even little change in connection weights increases
the error function. In case of extremely holey cost function, such as Rastrigins functi on
shown in Appendix 2, the achieved performance depends basically on the starting point
given by selection of initial weights. But somewhere else in the weight space might be
different vector of weights producing noticeable smaller error value than the local
minimum in which the network stagnates.
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The last issue every user of neural network has to deal with is the selection of network
topology. The optimal numbers of input nodes, hidden layers and neurons in each layer
are not known in advance and best topology is normally discovered by trial and error
approach. The structural capability of multilayered networks to perform nonlinear
mapping of cost function is ensured by sufficient number of hidden layers and neurons,
but excessively complex network structures are computational very demanding.
Therefore it is necessary to eliminate as much redundant nodes or connections as
possible to achieve optimal topology for given task.
Many traditional procedures have been designed to amend these drawbacks of
backpropagation learning, (e.g. Sietsma and Dow, 1988), but in recent years is widely
applied the integration of neural networks and metaheuristic methods. As will be,
hopefully, shown in following chapters, this combination of diverse procedures might
be ideal for neural network efficiency.
In addition to literature mentioned throughout the chapter, for the reader interested in
neural networks fundamentals, design and learning algorithms may be helpful also
publications by Galushkin (2007), Fausett (1993), eventually Graupe (2007) or
Sarangapani (2006).
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Because for many optimization problems in practice is finding the exact solution either
very difficult or entirely impossible, in last decades a new type of algorithms has been
invented. Metaheuristics represents a group of approximation methods that provide
acceptable results in a reasonable time for answering complex issues and even though
the optimal solution is not ensured, they effectively explore the required search space.
The term metaheuristics was firstly presented by Glover (1986) and these methods can
be designated as high level methodologies that can be used as managing procedures to
resolve concrete optimization problems. The class of methods involves Genetic
Algorithms, Tabu Search, Fuzzy Logic, Ant Colony Optimization, Particle Swarm
Optimization, Iterated Local Search and many more. All of them are iterative processes
which guide subordinated operations in order to find near optimal solutions (Osman and
Laporte, 1996).
This chapter is intended to offer the description of two metaheuristic methods we will
use to create a new type of neural network, namely Genetic Algorithms (GA) and
Simulated Annealing (SA). But before we proceed to the actual description, it might be
useful to review several existing achievements in integration of neural networks and
metaheuristic algorithms.
An attracted reader can find comprehensive surveys of heuristic and metaheuristic
techniques in Weise (2008), Glover and Kochenberger (2003), eventually in Talbi
(2009) or Lee and El-Sharkawi (2008).

47

Chapter 3

Metaheuristics

3.1 Metaheuristics in Neural Networks Evolution
As mentioned in paragraph 2.4, conventional neural networks suffer with a couple of
insufficiencies, such as local minimum problem or appropriate topology selection.
Many metaheuristic methods have been therefore developed to improve their
performance and published literature is rather extensive.
To support the function approximation capability of the ne twork, Ye et al. (2007)
designed with pleasurable results tabu search-based backpropagation. Fuzzy neural
networks (FNN) were suggested by various authors including Kasabov et al. (1997) or
Őstermark (1999). Kodogiannis and Lolis (2002) successfully proposed FNN procedure
to forecast US Dollar exchange rate time series. Ant colony optimization was combined
with neural network by Liu, Wu and Qian (2006) or Socha and Blum (2007), whereas
Zamani and Sadeghian (2010) used particle swarm optimization to refine the learning
procedure.
Since genetic algorithms and simulated annealing are based on functioning of biological
structures, it is natural that many researchers have been trying to merge both methods.
In fact, applications of GAs in network enhancement can be divided into two main
groups. First one aims at network training and second group focuses on the network
topology. Former party could be represented e.g. by Whitley, Starkweather and Bogart
(1990) who optimized connection weights in a feed-forward network using either real
valued or binary denomination, Kinnebrock (1994), proposing an approach where the
genetic operator modifies weights values after each iteration, or Koza and Rice (1991)
who resolved the weight change by introduction of genetic programming paradigm.
Latter group is much bigger, since the structure of network architecture impersonates
ideal chromosome for genetic procedures and enables to utilize the full computational
potential of GAs. Castillo et al. (2000) established a method that updates the number of
neurons in selects initial weights in network with single hidden layer. They achieved a
higher level of generalization comparing to other chosen perceptron techniques. Using
different number of hidden layers, White and Ligomenides (1993), Bebis,
Georgiopoulos and Kasparis (1997), or Yao and Liu (1998) searched over network
topology space in order to find an optimal set of hidden layers and corresponding
neurons. On the other hand, several researchers, like De Falco et al. (1998), Topchy,
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Lebedko and Miagkhik (1996), or Dam and Saraf (2006) looked for optimal sets of
connection weights in pre-determined architecture. If the initial architecture is
sufficiently large, this approach may eliminate redundant weights and provide superb
results.
Statistical thermodynamics in neural networks principles has been the subject of general
interest since the early work of Hinton and Sejnowski (1983). They presented nondeterministic method for assigning truth values to hypotheses based on thermal
equilibrium fundamentals. Engel (1988) introduced simulated annealing as a learning
algorithm for feedforward networks and demonstrated that SA can be successfully
applied to train discrete-valued connection weights. Many authors succeeded his results,
e.g. Sarkar and Modak (2003) who constructed a hybrid algorithm called ANNSA. It
accepts candidate solutions according to SA probability. Sexton, Dorsey and Johnson
(1999), Amato et al. (1991), and Tambouratzis (1997) replaced traditional
backpropagation by SA algorithm, whilst Da and Xiurun (2005) substituted the BP
network by particle swarm-optimized neural network where SA was used to handle
every particle.
In recent years, a number of ideas emerged integrating GAs and SA to produce optimal
network structure. Sun and Qian (2007) used network with fixed topology in which
genetic algorithms modified connection weights and simulated annealing framework
was employed to support the stochasticity during the process of best outcomes selection.
Similar technique was examined by Shi and Li (2010). They incorporated simulated
annealing into GA weights optimization scheme and so allowed the technique to search
over the subspace of local optima.
The combination of GAs and SA improving neural network system proposed in this
thesis considerably differs from above mentioned algorithms, as we will see in next
chapter. At this moment it might be useful to examine few essentials of genetic
algorithms and simulated annealing optimization methods.

3.2 Genetic Algorithms
The concept of genetic algorithms was introduced by Holland (1975) who defined how
to use the biological evolution principles in optimization issues. In nature, every
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individual in generation contests with others to survive. After each generation, the most
capable individuals reproduce and gather the best genetic information in order to
become more viable and adaptive. GAs also work with generations of individuals.
Every member of the population in the given generation represents a potential solution
to an optimization problem. Following Holland´s scheme, many researchers contributed
to the topic and proposed a couple of suitable extensions. Schwefel (1981) established
term evolution strategy focusing on continuous variables, whereas Goldberg (1989)
summarized potential applications of GAs in optimization and artificial intelligence.
Many GA-based systems have also been developed in economic research, e.g. by
Arifovic (1994) who used genetic algorithms to explore the decisions of competitive
firms in single good market. To solve problem-specific tasks, various modifications
were studied, including boundaries between genetic algorithms and other optimization
heuristics. And as we will see, their close biological relationship makes them ideal
method for neural network improvement.

3.2.1 Basic Principles
In genetic algorithms framework, the specific optimization problem is treated as a life
environment and correspondent feasible solutions are regarded as single individuals
inhabiting that environment. The key elements in the GAs methods are therefore
individuals and their populations. Genetic information of every individual is stored in
his chromosome, subdivided into genes. The example of simple chromosome is
illustrated in Fig. 3.1.

Figure 3.1: Simple chromosome
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A gene represents some certain value of the control variable, therefore the complete
sequence of genes, chromosome, defines one unique solution. Obviously, it does not
necessary mean that each solution is given by exactly one chromosome. If the
morphogenesis function assigns various chromosomes to determine the same solution,
the representation is called degenerated. Strong degeneracy can badly influence the
operation of genetic algorithms because of search confusion.
Depending on search problem, individual genes can be encoded using bits, real numbers
or any other object. The most common representation is in a form of binary strings, as
shown in Fig. 3.2.

Figure 3.2: Binary chromosome

One bit in the string can denote some feature of the solution, or the whole string can
designate a number.
The population consists of various individuals and its choice depends on the problem
complexity. To explore the searching space in detail, the initial population usually has
gene pool as wide as possible. Focusing on the diversity, first population is often
selected randomly. After creation of the initial population, each chromosome is
evaluated by its fitness function. Fitness function demonstrates the quality of the
solution and shows its distance from the optimal one.

3.2.2 Genetic Operators
The keystone of the genetic algorithms is the breeding. It is a cycle that creates new
generation of superior individuals. The breeding process can be divided into three parts:
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○ Selection of parents,
○ Reproduction of parents and creation of a new generation,
○ Replacement of the old generation.
The decision of how to choose suitable parents is crucial, since their descendants should
have higher fitness and adaptability. Selection is an operation that partway accidentally
takes chromosomes from the existing population and regarding their evaluatio n creates
new offsprings. The convergence of genetic algorithms is highly stated by the selection
pressure, i.e. the degree to which the best individuals are preferred. Because large
pressure results in higher convergence rate and vice versa. But if the pressure is too
large, there is an increased probability of the premature convergence to a sub-optimal
solution.
Several selection procedures are common in practice and they can be separated into two
groups. First one, proportionate group, chooses parents based on their fitness evaluation
relative to the fitness value of other chromosomes in the population. One of the most
used proportionate selection technique is the Roulette wheel selection. The essence of
this method is the probability distribution for selection of a given chromosome
proportional to its fitness. It is only medium pressure process, since fitter subjects have
higher chance to be selected to be the parents, but there is no guarantee. Drawback of
proportionate procedures is that they have troubles in case of diversified fitness function
values.
On the other hand, ordinal selection techniques select the suitable parents based on their
rank within the population. Rank selection classifies the population and every individual
receives fitness according to his ranking. The worst one has fitness 1 and the best has K.
The selection probability is then assigned to chromosomes in conformity with their
ranks. Several other types of selection schemes are possible, e.g. Tournament selection,
Elitist selection or Truncated selection.
After the selection operator chooses a couple of chromosomes for reproduction,
crossover procedure creates a new, hopefully better, child. The simplest method how to
make a new individual is to randomly determine some crossover line, use the genetic
information in front of the line from first parent and information behind the line from
the second one. Typical GA uses single-line crossover, demonstrated in Fig. 3.3.
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Figure 3.3: Single-line crossover

In the more-lines crossover, several lines are used and the contents within these lines are
swapped between the selected parents. In the same way also exists the Crossover of N
parents, Precedence preservative crossover or Partially matched crossover, but these
methods are not very suitable for our purposes.
Besides crossover, chromosomes in the population are exposed also to mutation.
Mutation procedure protects the optimization algorithm before getting stuck in a local
minimum. Its function is to recover the lost or discover some new genetic information
and it helps to search thoroughly the whole solution space. It can be considered as a
procedure which preserves variety in the population by altering a few genes. Simple
mutation technique consists of flipping the value of each gene with some predetermined
probability, often with P 

1
, where N is the number of genes in chromosome. Basic
N

mutation is presented in Fig. 3.4.

Figure 3.4: Simple mutation

The last stage of every breeding cycle is the replacement. Since the new individuals
were created, the algorithm must select which of the parents should be replaced. Of
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course, if produced children have bad performance, no parents need to be replaced. In
fact, individuals with highest fitness are frequently shifted into next generation as the
elite without any modifications. After the replacement, new chromosomes in new
generations are again evaluated and cycle repeats until the termination criterion is met .
Termination might be subjected to maximum number of generations, time limit or no
noticeable improvement in the objective function for couple of generations.
To sum up, the nature of genetic algorithms is involved in a proper application of
population-based operators, namely selection, crossover, mutation and replacement, and
it is mostly at the discretion of researcher how he will combine them with the view of a
successful optimization. For more detailed survey of GA principles might be practical
publications by Mitchell (1999), Reeves and Rowe (2003), Michalewicz (1996) and
particularly by Sivandam and Deepa (2008).

3.3 Simulated Annealing
Simulated Annealing is one of the most compact and flexible methods available for
solving optimization problems with a relevant reduction in calculation time. It can be
used to complex issues regardless of normally required assumptions like continuity,
differentiability or convexity.
In metallurgy, annealing is a process of heating a substance to high temperature and
then slowly cooling it to obtain crystals with high quality. The properties of the
structure depend on several factors, such as initial temperature or cooling rate. If the fast
cooling is used or too low starting temperature, the cooling substance will not achieve
thermal equilibrium, i.e. the energy content and the temperature of the substance will no
longer be changing with time (Blundell and Blundell, 2006). The perfect crystal state
therefore corresponds to a state of minimum energy as shown in Fig. 3.5.
This evidence from statistical mechanics inspired Metropolis et al. (1953) to propose a
Monte Carlo algorithm that simulates the energy changes in a structure to calcul ate its
properties. In every material, the individual particles have various amounts of energy,
following their statistical distribution. The potentially lowest energy, i.e. fundamental
level of energy, corresponds with the state where all particles are situated at temperature
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0K. For higher temperatures are the particles in diverse energy levels, such that the
volume of particles in particular level declines with rise of the energy.

Figure 3.5: Perfect crystal with minimum energy

Simulated Annealing as an optimization method emerged independently from the works
of Kirkpatrick, Gelatt and Vecchi (1983) and Černý (1985) who recognized
resemblance between some combinatorial optimization issues and the physical
functioning of annealing. They noted that the objective function of an optimization
problem can be considered as the free energy of the material. While optimal solution
corresponds to a perfect crystal, crystal with malformations is associated with local
optimal solution. The temperature represents a control parameter that has to be precisely
defined in order to obtain a perfect crystal state.
Initially was SA algorithm used primarily as a randomized heuristic for combinatorial
problems (e.g. Eglese, 1990), but it was shortly extended to multiobjective tasks, as in
Van Laarhoven, Aarts and Lenstra (1992). Since then it has been widely used in many
optimization problems, such as nonlinear optimization (Őzdamar and Demirhan, 2000)
or timetabling (Zhang et al., 2010). In case of interest a comprehensive survey on SAbased algorithms was presented by Suman and Kumar (2006).

3.3.1 Basic Principles
Simulated annealing is a stochastic method that allows under some specifications the
deterioration of the solution. The aim of such a practice is to escape from local optima
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and thus avoid the premature convergence. Starting at a given initial solution, at each
iteration algorithm computes a random neighbor solution. Motions that refine the
objective function E are always accepted. By contrast, inferior motions are accepted
with probability depending on the actual temperature and magnitude of the objective
function deterioration. This situation is depicted on Fig. 3.6.

Figure 3.6: Trajectory of SA algorithm

The difference between the actual value of objective function and value of randoml y
generated neighbor solution is E . The probability that worse motions will be accepted
declines with algorithm progression and it follows Boltzmann distribution:

P( E , )  e



E ( n )  E ( n 1)


,

(3.1)

where E (n) is the energy of actual solution, E (n  1) is the energy of randoml y
generated new solution and  denotes the current temperature. Many new solutions are
examined at certain level of temperature. Once a stable state is achieved, the
temperature is slightly reduced in order to decrease the rate of accepted retrogressive
solutions. Both actual and best found solutions are stored. This type of search might be
symbolized by a Markov chain, i.e. the sequence where the next state depends only on
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the actual state, and it can be shown (e.g. Aarts, Korst and Michiels, 2007) that under
the logarithmic cooling schedule:

k 

0
,
log k

(3.2)

where k is the actual temperature, 0 stands for initial temperature and k is the
annealing parameter, there is a guaranteed convergence towards optimum, i.e.:

P( sn  O)  1

n  .

as

(3.3)

O is the set of global optimal solutions and sn represents the solution at iteration n.
The major advantage of SA procedure is the ability to escape from local optimum due to
possible acceptance of a worsened solution. The probability of such a movement is
increasing with the current level of temperature and decreasing with deterioration of t he
objective function E . Thus the acceptance probability of deteriorating move is:

P( E , )  e



E
k

 Z,

(3.4)

where E is the change in the objective function,  denotes the actual temperature, k
presents Boltzmann´s constant, and Z is randomly chosen number from unifor m
distribution between 0 and 1. At first, when the temperature is high, larger devaluation
is tolerated. As the temperature declines, SA algorithm becomes more pretentious and
only smaller decreases in solution quality are allowed. With  approaching to zero, the
probability of acceptance a worse solution decreases to zero as well. Moreover, due to
Boltzmann distribution, the probability of tolerating a large worsening declines
exponentially towards zero.

3.3.2 Cooling Schedule
The cooling schedule controls the entire process by defining the decrease of the
temperature during the optimization run. It controls the algorithm steps from the start
until the convergence and is keystone of SA performance. The parameters involved in
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cooling schedule are initial temperature, cooling function and stopping criteria. The
performance of the algorithm, including quality of the solutions and computational time,
highly depends on the proper selection of their values.
If the initial temperature 0 is high, the search for the best solution can be regarded as a
random local search. By contrast, if it is too low, the search will be just a local
improving of the initial solution. Hence it is necessary to keep the balance betwee n
these two options. There exist various alternatives of determining the initial temperature
for the SA method. Accept everything strategy sets 0 sufficiently high to search
thoroughly all neighbors during the starting phase. The disadvantage of this technique
comprises of higher computational time.
Subsequent alternative comprises of using the values of objective functions acquired by
preliminary experiment, i.e.:

0 

E
,


m2
ln 

 m2 X 0  m1 (1  X 0 ) 

(3.5)

where E is the average value of differences in the objective function taking into
consideration only the increasing values within M attempts, M  m1  m2 . m1
represents the improving movements, while m2 the deteriorating movements. X 0
denotes the acceptance ratio of new solutions. If X 0  0,99 then at the initial
temperature, 99% of test movements are accepted. Another way of assigning 0 is:

0 


f ( x0 ),
ln 

(3.6)

 states the ratio of accepted worsening moves at the starting temperature 0 that are

 % worse than initial solution f ( x0 ) .
Besides initial temperature, another essential parameter is the number of motions at
particular temperature level that has to guarantee the thermal equilibrium accessibility
for every heat state. Theoretically it is commonly recommended to select the number of
iterations at each temperature level exponential to the problem size. In practice it is
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demanding to satisfy this condition, therefore the number of iterations is frequently
determined proportional to the neighborhood size N.
In a constant procedure, the number of moves is given before the algorithm starts. For
example a fixed portion q of the neighborhood N is examined. Increasing portion q
means better results, but at the price of higher computational costs. The variable
procedure defines the number of generated movements depending upon the properties
of search. The temperature update might be activated after several consecutive
improving solutions.
The goal of cooling process in the simulated annealing algorithm is to reduce the
temperature such that:

k  0, k

and

lim k  0.

(3.7)

k 

Researcher has to always keep on his mind that there is accommodation between the
speed of cooling process and quality of acquired solution. If there is a sharp decline of
temperature, solutions will be obtained with lower computational time hand in hand
with lower quality. The temperature k can be modified by:
(i)

Linear schedule, i.e.

k  0  k  ,

(3.8)

where 0 is the initial temperature and  denotes pre-determined constant
parameter.
(ii)

Geometric schedule, where k is modified using:

k   .k 1.

(3.9)

 is a constant, usually between 0,5 and 0,9.
(iii)

Logarithmic schedule, which updates the temperature according to:

k 
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Slow-moving method of temperature, where the change is defined by:

k 

k 1
.
1  k 1

(3.11)

This approach is hardly applicable in practice, but Geman and Geman (1984)
proved the convergence of SA algorithm under this type of cooling schedule
towards the global optimum.
(v)

Adaptive cooling, which uses dynamic cooling rate depending on search
properties obtained during the process. A dynamic cooling might be suitable
for instance if there is small number of movement required at high
temperatures and large number of iterations at lower heat.

The last feature defined by researcher is the stopping criterion. Various alternatives
have been suggested in the literature, including fixed and adaptive stopping conditions.
Some of the most applied in practice are:

(i)

Reaching a final temperature  F . In conformity with Eq. (3.7),  F has to
be very small, e.g. 0,001.

(ii)

Achieving the pre-defined number of movements.

(iii)

Reaching the pre-defined time limit.

(iv)

Pre-determine the number of non-improving movements.

Algorithm can be also refined by adding a re-annealing parameter  . If value of the
objective function does not improve for a several consecutive movements, the
temperature might be increased as:

k 1  (1   )k .

(3.12)

Simulated annealing algorithm has been utilized to solve a lot of optimization problems
in practice as well as many theoretical tasks. It is an attractive and efficient method that
shows outstanding results in combinatorial optimization or power systems scheduling.
And together with its ability to avoid being trapped into local optima, it can be
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considered as a proper method to improve the learning of neural networks. For
extensive survey of recent SA algorithm applications see Tan (2008) or Chibante
(2010).
In this chapter we reviewed the basic principles and practical applications of two
metaheuristic methods, namely genetic algorithm and simulated annealing. We agreed
that both methods are highly successful and have beneficial properties for usage in
neural networks framework. Incoming chapter will be devoted to presentation of the
new method, which integrates neural networks, simulated annealing and genetic
algorithms into one complex algorithm. In Chapter 5 we will try to verify on the real
data that this G-S network is an appropriate technique for stock returns forecasting.
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As we noted in previous text, despite the great efficiency, standard backpropagation
neural networks have a couple of shortcoming that affect their performance and learning
achievements. Networks are therefore often designed specifically to the particular
problem and their attributes are then determined by trial and error approach. From
Chapter 2 we know that three most commonly discussed difficulties associated with
neural network applications are:
(i)

Choice of initial weights,

(ii)

Determination of network topology,

(iii)

Local minimum problem.

It has been already stated that the aim of this thesis is to develop neural network
algorithm which overcomes all three issues and to offer a suitable method not only for
stock returns prediction, but also for any other tasks, without requiring any intervention
from the researcher.
In the first section of this chapter we would like to describe the fundamentals of our
algorithm, its operational structure and chain of processes. We depict the involvement
of above mentioned metaheuristic principles and illustrate the individual computational
elements on compendious flowchart. Next part will be devoted to the characteristics of
the details and interpretation of our algorithm in terms of the remarked co nventional
neural networks insufficiencies.
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4.1 Topology by Genetic Algorithms
A typical feedforward network with backpropagation consists of a layer of input
neurons, one or more hidden layers and an output layer, as depicted on Fig. 2.7. Lot of
various neural network topologies are possible and concrete numbers of neurons in
every layer or number of layers itself, differ from one application to another.
Since we denoted the network topology by i  h1  h2  ...  hN  o , where i is the number
of input nodes, h1  h2  ...  hN stand for hidden layers and o is the number of output
nodes, architecture of the NN might be defined either in a form of the connection
weights matrix W or the vector w . For our purposes we will consider the vector:

wT  ( w11,i1, w12,i1,..., w1h1 ,ii ,..., wo1,N 1,..., woo,NhN ),

(4.1)

where w11,i1 is the synaptic weight between first input node and primary neuron in initial
hidden layer h1 , w12,i1 represents the weight between first input node and second neuron
in h1 , etc. At last, wo1, N 1 denotes the weight connecting last neuron from last hidden
layer hN and last output neuron as depicted in Fig. 4.1:

Figure 4.1: Architecture of network defined by vector of weights

First lower index always labels target neuron, to which the connection directs, whereas
the second one designates the inceptive neuron. Even though this denomination might
seem to be mildly awkward, the logic behind is straightforward.
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Vector w involves all possible connections in a feedforward network. It exactly
specifies network topology by determining the existence and force of particular
connection. For instance, in case of 2-8-8-1 network, i.e. network with 2 inputs, a pair
of hidden layers containing eight hidden neurons, and single output, the fully connected
feedforward network will have (2x8) + (8x8) + (8x1) = 96 connections and 96
connection weights.
The idea behind the utilization of genetic algorithms in the topology design of our
neural network is to randomly generate a binary vector c with the same number of
elements as vector w . Providing the above mentioned 2-8-8-1 network is fully
connected, c will be a vector of ones containing 96 elements. However, in practice are
common networks with more than two hidden layers and over 150 neurons. That means
more than 5000 connections and corresponding weights. This phenomenon is known as
the curse of dimensionality in nonlinear approximation. With growing degree of
approximation accuracy, there is a growing number of parameters to estimate and thus a
declining number of degrees of freedom for the estimates.
Employment of genetic algorithms into the NN framework enables us to explore the
space of feasible architectures and reduce huge structures without violation of
approximation ability of the model. Architectures with the best achievements are then
subjected to reproduction process to evolve their ―genetic‖ information. At the
beginning of the process, we only have to restrict the maximal size of the network, i.e.
set the i  h1  h2  ...  hN  o . This step in not necessarily demanded, but if it is the
contrary, computational time and requirements could be enormous. Genetic algorithms
then take care of selecting the best topology.
According to GA methodology, at the start of the process algorithm randomly generates
initial population of binary vectors c , e.g.:

c1T  (1,0,1,1,0,0,1,...,1)
cT2  (0,1,1,1,0,0,0,...,1)
cT3  (1,1,0,1,0,1,1,...,1)
(4.2)

cTp  (1,1,1,0,0,1,1,...,0)
S
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where p is size of initial population and S denotes the number of all synaptic
connections in predetermined maximal network. If there is 1 in the place of particular
connection, it means that this synopsis exists and vice versa. In compliance with GA
terminology, each of created networks impersonates the single individual and specific
topology represents its chromosome. An example of such an individual is shown in Fig.
4.2:

Figure 4.2: Randomly generated individual

During the programming of the algorithm it is important to keep in mind that in case,
when the topology is generated so that certain neurons do not have any incoming input
signal, those neurons have to be deactivated. If we only consider the sum of inputs
being equal to zero, it could produce a serious distortion, since e.g. the sigmoid
activation function in zero produces output ½. To every other neuron with at least one
input from previous layer is added the bias term and it is capable of processing the
information to subsequent layer. In the same way it is necessary to remember that each
output neuron, number of which depends upon the problem specification, has to receive
at least one input signal. Since vector c determines the exact order of connections in the
network, there is no chance of neurons from first hidden layer to be interconnected with
neurons from the third hidden layer or output nodes, etc.
Following step is to evaluate fitness of every network topology, given by the binary
vector, in the initial populations with regard to its cost function. This essential
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procedure will be described independently in next section. After the value of fitness is
assessed to all networks, genetic operators are engaged. In dependence on t heir fitness,
individuals in the generation are selected, intercrossed and mutated in order to obtain
subsequent generation with better genetic information, i.e. the approximation ability.

Figure 4.3: Genetic algorithm process flowchart
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This process is repeated until one of the possible stopping criteria is reached. The choice
of various stopping conditions is up to researcher, as mentioned in Chapter 3. We
allowed the algorithm run to the last generation or stop in case of very low MSE of the
network. The whole mechanics can be described by the flowchart presented on Figure
4.3.
G denotes the determined number of generations for the algorithm to create. Typical
value used in practice is 100. Another important parameter is the size of the population
in each generation, because larger number of individuals increases the diversity and
thoroughness of the search, unfortunately, at the price of computational costs.

4.2 Improved Learning using Simulated Annealing
Since optimization by simulated annealing does not involve computing first or second
order derivatives, SA is often used as a learning algorithm per se. The Boltzmann
machine, Cauchy machine and the Gauss machine are the applications of simulated
annealing principles in neural networks construction. But experiments showed that such
models take a lot of time and are very dependent on the selection of initial vector of
weights. Much more suitable utilization of SA algorithm in network learning emerged
in a combination with classical backpropagation or other global optimization methods.
In our implementation is SA technique incorporated into a popular learning process in
order to intensively explore the weight space and allow the conjugate gradient-based
algorithm to escape from potential local minima. If we return back to the flowchart in
the previous section, our interest is now focused on fitness evaluation of each network
in the population of randomly generated topologies.
The idea behind the minimization of neural network cost function E (fitness function in
GA terminology) is similar in all above described learning algorithms. At first, the
initial vector of weights is chosen and iteration counter set to n  1 . In the second step
is determined the search direction and movement size so that E (n  1)  E (n) . Weights
are then updated and until gradient vector G(n)  0 , algorithm reiterates from the
second step. Even though these methods demonstrated great minimization ability and
speed, the random selection of initial weights usually steers the learning towards the
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local minima of E , since they are not capable of worsening their performance and
uphill motion.
Proposed algorithm tries to overcome this drawback by integration of SA principles.
Equally to the general learning scheme, the process starts with random generation of
initial weights vector w(0) from uniform distribution with particular connection weights
within some predetermined interval, e.g.  5,5  . The next step is to train the network.
Since all gradient methods described in Chapter 2 involve either a computationally
costly line search, or show lack of success, we used scaled conjugate gradient (SCG)
method proposed by Møller (1993). It is a variation of conjugate gradient algorithm that
was developed to evade the demanding line search, but is still suitable for large
networks. Because it does not involve any crucial user dependent parameters, the
algorithm is also fairly robust. In order to scale the step size, SCG combines the
Levenberg-Marquardt approach and conjugate gradient fundamentals. Since the
description of the algorithm is quite time-consuming, it is situated in the Appendix 3. In
compliance with neural network principles, training is executed on training data set,
validation set secures the generalization ability of the network and final cost function in
a form of MSE is computed on testing data. After the network was trained, its MSE and
resulting weight vector are stored and SA part performs an iterated neighborhood
search.
To overcome the dependence of initial weight selection, the algorithm proceeds through
the weights vector space and creates candidate starting points in a neighborhood of
initial weights vector by adding a random vector w i to the previous initial vector wi (0)
such that:

wi 1 (0)  wi (0)  wi ,

(4.3)

The coordinates of vector w i are generated from uniform distribution within  1,1  .
Following the SA methodology, difference between the value of the cost function
resulting from the anterior starting weight vector and value of new neighbor solution is
E . If the neighbor set of initial weights wi1 (0) achieves smaller cost function, it is

automatically accepted as a best starting point and stored instead of wi (0) . Worse
motions will be accepted only if they fulfill the acceptance criterion:
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P( E , T ) 

1
1 e

E


 Z,

(4.4)

where E is the change in the network cost function,  denotes the current
temperature and Z is randomly chosen number from uniform distribution between 0
and 1.

Figure 4.4: Simulated annealing process flowchart

69

Chapter 4

G-S Neural Network

After examining maximal number of candidate solutions for given temperature,  is
lowered according to the cooling schedule in order to reduce the rate of accepted worse
starting points. Schematic flowchart of the proposed SA part is demonstrated on Fig.
4.4.
As we noted, the main benefit of integrating SA procedure is the ability of algorithm to
escape from local minima of the cost function. The acceptance criterion of worse moves
is controlled by cooling schedule and magnitude of E. Our implementation applies the
geometric cooling function, where  of every cycle is modified as follows:

c   .c1.

(4.5)

 is equal to 0,9 and initial temperature 0  100 . Maximal number of candidates per
certain temperature level is 100 what should guarantee the thermal equilibrium
accessibility for every heat state. Because we do not want to restrict the exploring
ability of the algorithm, only stopping criterion we suggest, is the temperature below
some predefined small value, e.g. 0,01. Number of non-improving movements or time
factor is not taken into consideration, but it is up to the researcher which parameters will
he choose.
The proposed integrated learning method should search thoroughly the initial weight
vector space and because scaled conjugate gradient provides effective downhill
optimization from any given starting point, the surface of network cost function is
examined relatively quickly and narrowly. Together with implementation of GA part,
complete algorithm might be written in consecutive pseudocode:
begin
generate a random initial population of network topologies;

g  1;
while g  G do
repeat
begin SA
  0 ,

i  1, best w(0)  0;

repeat
while i  I
generate vector of initial weights
train the network using SCG;
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if cost function declines then
best w(0)  wi (0) ;
else if fulfilled acceptance criterion then
best w(0)  wi (0) ;
endwhile;
until minimal temperature reached;
end SA;
if elite condition satisfied then
transfer to next generation;
if crossover condition satisfied then
select parents;
perform crossover;
if mutation condition satisfied then
perform mutation;
until minimal MSE reached;
endwhile;
end.

Presented G-S Neural network should outperform existing methods by ability to
overcome getting stuck in the primary found local minima of its cost function and
automatic construction of the most suitable topology for any particular issue. Based on
genetic algorithms and simulated annealing principles it creates sets of potentially best
architectures and then explores the initial weights vector space in order to secure the
ideal starting position for scaled conjugate gradient learning algorithm. This process is
repeated either until the discovery of satisfactory error value or creation of last
individual in examined population.
Obviously, the reason why we focused on artificial intelligence and neural computing
was not purely theoretical. The essential objective of this thesis is to introduce an
effective method capable of capturing the important patterns in the stock market returns
data and to dispute about the validity of Efficient Market Hypothesis. Therefore the
following chapter is finally devoted to the verification of G-S network performance
realized on the sample containing selected stock market returns. But before we proceed
to the empirical results, it is important to describe several statistical tests and evaluation
criteria which we used to compare the performance of created G-S network with other
networks and conventional time series investigating techniques.
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4.3 Statistical Tests and Evaluation Criteria
4.3.1 Autocorrelation Tests
Besides testing the presence of unit roots, standard practice in time series analysis is to
examine characteristics of the regression residuals. If the model is well specified, the
residuals should represent no purposeful information and we can ignore them. The most
used statistical test for autocorrelation (serial dependence) of residuals is the DurbinWatson (DW) test. Durbin and Watson (1950, 1951) developed test for the null
hypothesis of serial independence against the alternative of first-order autocorrelation.
DW statistic is in form:
T

DW 

 ˆ  ˆ 
t 2

2

t 1

t

2  2 1 (ˆt ),

T

ˆ
t 1

(4.6)

2
t

where 1 (ˆt ) is the first order autocorrelation coefficient. In case of serial
independence, residuals incur random and unpredictable.
Since the serial independence is important for the model quality, as the second test of
the autocorrelation of examined time series we use Ljung-Box Q-test (Ljung and Box,
1978). The test statistic of the LBQ test is:
M

Q( M )  T (T  2) t
m 1

 m (ˆ)
(T  m)

 2 ( M ),

(4.7)

where M is the number of lags and  m the corresponding autocorrelation coefficient.
The null hypothesis of LBQ test is no autocorrelation.

4.3.2 Normality Test
In addition to serial independence, usual assumption about residuals is their normal
distribution. Normality of residuals is essential for the efficiency of models. Common
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test of normality was presented by Jarque and Bera (1980) and it examines the residuals
properties based on their skewness and kurtosis. Null hypothesis is the normal
distribution with zero skewness and kurtosis of 3. Jarque-Bera (JB) test has following
test statistics:
JB(ˆ) 

T k
SK (ˆ)2  0,25( KR(ˆ)  3)2 

6

 2 (2),

(4.8)

where SK and KR denote third and fourth central moments and ˆ are residuals.

4.3.3 Nonlinearity Test
The main concept behind all nonlinearity tests is to examine the independence of
residuals. Supposing linearity, residuals of a correct specified linear method should be
independent.
Ramsey (1969) developed the RESET test as a specification test for Ordinary least
squares regression. Consider the model in form:

y  0  1 x1  ...  k xk   .

(4.9)

Supposing that residuals have zero mean then no nonlinear functions of the explanatory
variables should be significant when added to the equation above (Wooldridge, 2006).
The null hypothesis of the RESET test is correct specification of the linear model. For
instance, if we extend Eq. (4.9) as:
y  0  1 x1  ...  k xk  1 yˆ 2   2 yˆ 3   ,

(4.10)

under the null hypothesis should be coefficients 1 and  2 equal to zero. The test
statistics of the RESET test is:
R12  R02
k 1
1  R12
T  (r  k )

73

F( k 1,n k ) ,

(4.11)

Chapter 4

G-S Neural Network

where R02 is the determination coefficient of the original model, R12 is the determination
coefficient of the extended model, T denotes the number of observations, k+1 represents
the number of parameters in original and r-1 the number of parameters in new model.
The calculation of determination coefficients will be described in following section.
As additional tests of nonlinearity can be used for example Bispectral test proposed by
Subba Rao and Gabr (1980) and Hinch (1982), Q-Statistic of Squared Residuals
(McLeod and Li, 1983) or BDS Statistic (Brock, Dechert and Scheinkman, 1987).

4.3.4 Determination Coefficient
Besides MSE that we use also as a cost function for the network training, another
commonly used concept for measuring goodness of fit in econometric and time series
research is the determination coefficient, R 2 . It is calculated as follows:
T

R2 

RSS

TSS

  yˆ  y 

2

 y  y 

2

i 1
T
i 1

i

i

i

..

(4.12)

i

RSS is called the Regression sum of squares and TSS is known as Total sum of
squares. yˆ i represents the estimate, yi the mean and yi is the real value of the
dependent variable. Obviously, 0  R2  1 . For the stationary time series larger values
of the determination coefficient signify a good fit of the model to the data. Noted
shortcoming of R 2 is that it is nondecreasing function of the number of parameters used.
To overcome this disadvantage, another measure was developed, which takes into
consideration the quantity of parameters used. It is called an adjusted determination
coefficient and given as:
RA2  1  (1  R 2 )

T 1
.
T k

Again T is the number of observations and k number of model parameters.
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4.3.5 Hannan-Quinn Information Criterion
The next presented measure of performance we will use in our study is the HannanQuinn information criterion (Hannan and Quinn, 1979). It is given as:

 SSR  k ln ln(T )
HQ  ln 
,

T
 T 

(4.14)

with k denoting the number of parameters, T the size of the sample and SSR is the Sum
of squared residuals calculated as follows:
T

T

T

SSR  TSS  RSS    yi  yi     yˆ i  yi     yi  yˆ i  .
2

i 1

2

i 1

2

(4.15)

i 1

The principle is to select the model with the lowest value. We have chosen HQ rather
than Akaike or Schwarz-Bayesian information, because HQ punishes the model for
large number of parameters more than the AIC, but not as much as BIC (McNelis,
2005).

4.3.6 Root Mean Squared Error
Beside MSE defined in Eq. (2.12) that we also used as the cost function of network
learning, another frequently applied statistic for measuring model fit is the Root mean
squared error (RMSE):
T

RMSE 

  y  yˆ 
i 1

i

2

i

T

,

(4.16)

where T is the size of the testing set. RMSE demonstrates the value of error in
proportion to the actual values more evidently than MSE.
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4.3.7 Diebold-Mariano Test
Since the comparison of out-of-sample performance of various prediction models had
been a relatively tricky issue, Diebold and Mariano (1995) followed the pioneer
research on forecasts evaluation by Meese and Rogoff (1988), or West, Edison and Cho
(1993) and proposed a suitable method for testing the distinction between forecasts
accuracy. The null hypothesis of equal prediction ability is tested against the alternative
of forecast inequality. The Diebold-Mariano (DM) test is based on the loss differential:

 t  eˆt    ˆt ,

(4.17)

where ˆt  are the residuals of the benchmark model and eˆt  represent the residuals of
the competing model. Test value of statistics is as follows:

DM t 

1 T
 t
T t 1
1 T 1   
ˆ ( )
 1
T t  ( T 1)  S (T ) 

N (0,1),

(4.18)

where

ˆ( ) 

t 

1 T
  t   t   t     t .
T t  1

(4.19)

  
1 T
 t denotes the mean loss differential, 1

 is the lag window, S (T ) the
T t 1
 S (T ) 

truncation lag and  represents the corresponding displacement.
Under the null hypothesis of no significant differences is the DM statistic normally
distributed, therefore if the prediction errors of the competing model are significantly
lower than in case of benchmark model, the value of DM should be lower than -1,69 at
the 5% significance level.
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4.3.8 Clark-West Test
Diebold-Mariano test from previous section is relatively simple and easily usable, but
several simulations (e.g. McCracken, 1999) proved that when co mparing nested models,
it leads to poor results. Such test can be important if we want to compare feedforward
network containing both linear and sigmoid neurons with a simple restricted linear
alternative (McNelis, 2005). Clark and West (2006) developed a procedure for
confronting a linear restricted model against a combined linear and nonlinear
alternative. It uses an adjustment factor in order to modify the mean squared prediction
error (MSPE) of the unrestricted model. MPSE of the restricted model can be written
as:
2



2
RE

K
1 T 

   yt   ˆk xk ,t  ,
T t 1 
k 1


(4.20)

where K is the number of parameters in the restricted equation. MPSE of the
unrestricted model, i.e. the neural network is defined as:
2

2
 NN




T 
K
J


1
1
   yt  ˆ k xk ,t  ˆk 
 ,
K
T t 1 
k 1
j 1
1  exp( ˆ x )  

j ,k k ,t


 
k 1


(4.21)

where K+JK is the number of parameters in the nonlinear model. The null hypothesis is
2
the equal predictive ability and it is verified by confronting  NN
to adjusted mea n

squared error statistic in a form:
2
2
 AD
  NN
  AD ,

(4.22)

where  AD denotes the above mentioned adjustment factor. The test statistics under the
null hypothesis is given as:
2
2
CW   RE
  AD
.
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The asymptotic distribution of the CW statistic is given as:

TCW

N (0,V ),

(4.24)

where variance V is calculated as follows:
2

K

1 T 
 J
V    yt   ˆk xk ,t   ˆk N j ,T   .
T t 1 
k 1
  j 1
 

(4.25)

Similar tests for nested models were proposed by Clark and McCracken (2001) or
Corradi and Swanson (2002).
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In this chapter, we will use described theory and principles of artificial neural networks,
conventional time series analysis methods and presented new G-S neural network for
analysis of five world leading stock market indices. To cover as much diversity as
possible, we selected two indices from United States, one from United Kingdom, HongKong and Japan. Based on previous research by Enke and Thawornwong (2005),
Bildirici and Ersin (2009), Olson and Mossman (2003) and Liao and Wang (2010), who
successfully applied neural networks in stock market returns modeling in various
countries, we expect our G-S network to outperform not only standard time series
techniques but also other well-known feedforward backpropagation network types.
First part of this chapter deals with description of the examined data sample and
presents the basic features and statistical characteristics of the analyzed return series.
Second part aims at obtained empirical results and compares individual methods with
regard to the evaluation criteria stated above. As we will see in subsequent text, in
addition to standard estimation, certain measures had to be taken in order to improve the
performance of the inspected techniques. Last section contains a brief discussion about
achieved outcomes and emphasizes several advantages of presented G-S network.

5.1 Data Description
The examined data sample comprises of daily returns from January 2000 to December
2010 of five stock market indices, namely Dow Jones Industrial Average (DJIA),
Financial Times Stock Exchange 100 (FTSE), Hang Seng Index (HSI), Nikkei 225
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(N225) and Standard & Poor´s 500 (S&P). The data was downloaded from Yahoo

Finance and are freely available for research purposes. Depending on particular index,

there are from 2698 (N225) to 2778 (FTSE) observations for each variable.

Time series of all stock index returns are illustrated on Figure 5.1.
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Figure 5.1: Time series of all returns

We can see that after the repercussions of the Dot-com bubble ceased, period from May
2003 to September 2007 was relatively stable with small both gains and losses.
Although this period could be pleasurable forecasting environment, global financial and
economical crisis since the beginning of 2008 caused huge increase of volatility and
abnormal market moves. Such data represent a challenging task for all used predicting
techniques. Summary statistics of all studied returns time series are introduced in Tables
5.1 and 5.2. Variable CV denotes the Coefficient of variation defined as ratio of the
standard deviation to mean.
Table 5.1: Summary statistics: Part 1
Index

Mean

Median

Minimum

Maximum

FTSE

0,00004

0,00039

-0,08848

0,09839

HSI

0,00024

0,00032

-0,12700

0,14347

DIJA

0,00009

0,00042

-0,07873

0,11080

S&P

0,00004

0,00053

-0,09035

0,11580

N225

-0,00010

0,00001

-0,11406

0,14150

Skewness

Kurtosis

Table 5.2: Summary statistics: Part 2
Index

Std. deviation

CV

FTSE

0,01320

304,590

0,05884

6,14440

HSI

0,01664

68,963

0,20062

8,12630

DIJA

0,01292

143,050

0,19038

7,92860

S&P

0,01379

326,450

0,08439

7,71170

N225

0,01610

161,470

-0,10002

6,15850
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Observed kurtosis in Table 5.2 confirms stylized fact about stock markets returns and
indicates leptokurticity in all five series. Leptokurticity is confirmed also by graphical
illustration of the returns distribution presented on Figure 5.2.

Figure 5.2: Distribution of all returns
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Interesting is also that the largest loss (12,7%) and the highest gain (14,3%) were
achieved on the same index, HSI. To obtain deeper insight into data characteristics,
Table 5.3 provides results of Jarque-Bera, Augmented Dickey-Fuller and RESET test
performed on all returns series.
Table 5.3: JB, ADF and RESET test
Index

JB

p-value

ADF

p-value

RESET

p-value

FTSE

4369,95

0,00000

-24,118

0,00000

20,9149

0,00000

HSI

7557,62

0,00000

-22,260

0,00000

31,5787

0,00000

DIJA

7261,70

0,00000

-22,558

0,00000

13,7928

0,00000

S&P

6852,23

0,00000

-22,891

0,00000

19,0886

0,00000

N225

4266,62

0,00000

-22,588

0,00000

19,7085

0,00000

Results of JB test allow us to reject the null hypothesis of normal distribution in all
returns samples what is not really surprising. Even though neural networks have been
proved to be capable of extracting significant patterns in nonstationary financial time
series data (e.g. Kim et al. 2004 or Ghazali et al. 2009), results of Augmented DickeyFuller test indicate stationarity and reject the null hypothesis of unit roots presence. As
we mentioned in Chapter 1, unit root tests have tendency to over-reject H 0 even if it is
true and vice versa, but due to extremely low p-value, we will consider the sample
series as stationary. RESET test demonstrates that potential linear specification of the
model could be incorrect and in the data occur nonlinear patterns.

5.2 Empirical Results
To properly verify abilities of new G-S network, we compared its performance with six
different time series models. The chosen number of lags for all neural networks was
equal to 5, i.e. every examined network had 5 input neurons, 18 neurons in both hidden
layers, 1 output neuron and the sigmoid activation function with formula defined in Eq.
(2.5). As standard learning algorithms were selected previously mentioned gradient
descent with momentum, Levenberg-Marquardt algorithm and scaled conjugate
gradient.
Performance authenticity of every model is assured by the division of the time series
data into in-sample and out-of-sample groups. Unfortunately, we could not guarantee
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that all methods had identical in- and out-of sample observations, because our network
as well as standard algorithms predefined in Matlab framework separate the data into
training, validation and testing sets randomly, of course in order not to spoil the
involved fundamental time coherence. For instance, in the event of 3 input neurons, i.e.
3 lags in time series analysis, algorithm randomly selects sequences of four observations
and distributes them into corresponding groups until every observation is at least in one
group. Therefore we cannot exactly determine the composition of every training, testing
and validation set for every used network. Even though this data partition enables the
network to recognize all patterns hidden in entire data sample, unpleasant issue is that it
can cause a situation in calculation of testing set performance where patterns from 2008
are explaining the returns value in 2003. Hence we cannot correctly argue that used
neural networks forecast given stock market returns. We might rather state that applied
neural networks analyze all possible data patterns and based on this analysis estimate
the next returns value. From now on, if we refer to prediction of networks, we have in
mind this quasi-prediction. Nevertheless, all results presented in this chapter are of outof sample nature, either from never seen testing set or, in case of ordinary methods, with
coefficients estimates obtained from one and performed on different set. In both cases
the unknown data represented 15% of the observed sample. Due to the space
requirements, the in-sample results are shown in Appendix.
Conventional methods comprised of AR model of order 3, ARIMA and GARCH. All
three lags in autoregressive model were significant at 5%, but after addition of more
lags the significancy rapidly decreased. Therefore we remained at three. Since
Augmented Dickey-Fuller test rejected the presence of unit roots, variable d, denoting
the difference of the original series in ARIMA model, is equal to zero. Generally, the
best results were obtained by ARIMA(3,0,1) and therefore this specification remained
for all realized calculations. The same rule of thumb was applied in case of GARCH,
where the best outcomes were received from GARCH(2,2). All techniques were
evaluated with regard to their MSE, RMSE, Determination and Adjusted determination
coefficients and Hannan-Quinn information criterion.
Most of statistical tests as well as ordinary time series prediction techniques were
computed in Gretl software, version 1.9.4, whereas conventional neural networks in
Matlab, version 2010b. To design and implement all required genetic algorithm and
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simulated annealing features, G-S network was completely coded in Java language
throughout the use of Netbeans software, version 6.9.1. The source code consists of
appriximately 2000 rows and it can be found on the CD attached to the thesis 5.

5.2.1 Original Data
First section of this subchapter deals with original data sample. Due to the software
restrictions, Ljung-Box Q-statistics and Durbin-Watson test for autocorrelation of
residuals were performed only on the AR model with results for all explored indices
depicted in Table 5.4.
Table 5.4: DW test and LBQ statistics of all indices
Index
FTSE

DW
2,00560

p-value
0,55895

LBQ
0,22162

p-value
0,99900

HSI

1,99852

0,48476

0,06537

1,00000

DIJA

2,00053

0,50630

0,09790

1,00000

S&P

1,99987

0,49940

0,09833

1,00000

N225

2,00016

0,50168

0,09833

1,00000

The high levels of p-value in both cases signify that we cannot reject the null hypothesis
of the linear serial independence, i.e. residuals of AR estimate do not contain any
meaningful linear information. But the employment of nonlinear methods, such as
neural networks, might disclose alternative information with nonlinear character.
Table 5.5: DIJA results
Method

MSE

RMSE

R-squared

Adj. R-squared

HQ

AR

2,719E-03

5,214E-02

0,017129

0,015858

-6,32604

ARIMA

1,654E-04

1,286E-02

0,010566

-0,001500

-8,70311

GARCH

1,649E-04

1,284E-02

0,006753

-0,005359

-8,70596

GDM

2,700E-02

1,643E-01

-0,013426

-0,025785

-3,57729

LM

2,133E-04

1,461E-02

0,003230

-0,008926

-8,41804

SCG

2,414E-04

1,554E-02

-0,042773

-0,055490

-8,29434

G-S Net

1,449E-04

1,204E-02

0,002105

-0,010064

-8,50842

According to results in Table 5.5, the lowest MSE among prediction models was
obtained by G-S Net, followed by ARIMA and GARCH estimates. The poorest
5

Scaled conjugate gradient learning source code was based on Huwaldt (1999)
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performance in the MSE minimization showed Gradient descent with momentum
learning. Values of determination coefficient are very low for all executed models,
where the highest level of R-squared, achieved by autoregressive model, is 1,7%.
Outcomes for remaining indices are presented in Tables 5.6, 5.7, 5.8 and 5.9. With the
exception of N225 and S&P, G-S Net provides the smallest MSE, whereas ARIMA and
GARCH application results into lowest values of Hannan-Quinn information criterion.
Most predictable seem to be HSI and S&P, where neural networks forecasts yielded up
to 10,2% level of determination coefficient and 9,1% level of adjusted determination
coefficient in case of HSI anticipated by Levenberg-Marquardt learning algorithm.
Table 5.6: FTSE results
Method

MSE

RMSE

R-squared

Adj. R-squared

HQ

AR

2,470E-03

4,969E-02

0,024798

0,023696

-8,49736

ARIMA

1,730E-04

1,315E-02

0,008332

-0,003762

-8,65824

GARCH

1,717E-04

1,310E-02

0,008263

-0,003831

-8,66555

GDM

2,100E-03

4,583E-02

-0,056541

-0,069426

-6,13119

LM

2,014E-04

1,419E-02

-0,235805

-0,250876

-8,47559

SCG

2,057E-04

1,434E-02

-0,007000

-0,019280

-8,45427

G-S Net

1,584E-04

1,258E-02

0,029842

0,018011

-8,59711

Table 5.7: HSI results
Method

MSE

RMSE

R-squared

Adj. R-squared

HQ

AR

2,544E-04

1,595E-02

0,004173

0,003292

-8,30368

ARIMA

2,761E-04

1,662E-02

0,002530

-0,009634

-8,19067

GARCH

2,738E-04

1,655E-02

0,002563

-0,009601

-8,19907

GDM

1,600E-02

1,265E-01

0,078161

0,066919

-4,10054

LM

3,109E-04

1,763E-02

0,102653

0,091710

-8,04152

SCG

4,294E-04

2,072E-02

-0,057619

-0,070517

-7,71847

G-S Net

2,503E-04

1,582E-02

0,079080

0,067849

-8,14507

Table 5.8: N225 results
Method

MSE

RMSE

R-squared

Adj. R-squared

HQ

AR

3,553E-04

1,885E-02

0,003459

0,003235

-7,70382

ARIMA

2,586E-04

1,608E-02

0,002346

-0,009820

-8,25604

GARCH

2,586E-04

1,608E-02

0,002150

-0,010019

-8,25611

GDM

1,400E-02

1,183E-01

0,050666

0,039089

-4,23407

LM

3,029E-04

1,740E-02

-0,070479

-0,083533

-8,06746

SCG

2,743E-04

1,656E-02

-0,137160

-0,151028

-8,16658

G-S Net

2,816E-04

1,678E-02

0,006007

-0,006115

-8,14055
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Table 5.9: S&P results
Method

MSE

RMSE

R-squared

Adj. R-squared

HQ

AR

2,482E-04

1,575E-02

0,017986

0,016926

-8,41786

ARIMA

1,882E-04

1,372E-02

0,011091

-0,000968

-8,57375

GARCH

1,872E-04

1,368E-02

0,008817

-0,003270

-8,57923

GDM

2,300E-03

4,796E-02

-0,187980

-0,202468

-6,04022

LM

1,966E-04

1,402E-02

0,065693

0,054299

-8,49988

SCG

1,952E-04

1,397E-02

0,075454

0,064179

-8,50665

G-S Net

2,031E-04

1,425E-02

0,034652

0,022879

-8,46714

We can see that the G-S network performed well and moderately overpowered other
forecasting methods in minimization of mean squared errors in three out of five
investigated time series. However, there occurred an interesting technical issue
influencing performance of not only the G-S network, but arguably also the outcome of
other neural networks calculated in Matlab.
Even though the values of MSE around 2,0E-04 might seem reasonably small, in fact
the actual achieved errors had approximately the same magnitude as the real values of
dependent variable what makes such an estimate absolutely useless. For the better
demonstration, part of the G-S Net output is illustrated on Figure 5.3.

Figure 5.3: Output of the G-S Net
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Since the real values of returns are around 5,0E-03, pleasurable error value should be
smaller than 5,0E-04 and therefore the squared error approximately 2,5E-07.
From particular reasons the optimization algorithm of the G-S network has tendency to
estimate values close to zero and thus deform correct predictions. Unfortunately, our
programming skills are not at necessary level to uncover the problem, but it looks like
that the professionally developed software suffers with the exactly same trouble. 6 To
recognize proper patterns in data, we explored more activation functions and enlarged
networks up to several hundred neurons per every hidden layer but with no significant
change.
Usual step when using neural networks is to preprocess the data in order to minimize
the impact of outliers. Scaling should prevent the computer against distortions and
assigning zero values to very small observations when compared to large ones
(Brandimarte, 2006). In most of the applications, two numeric intervals are used, to be
specific  -1,1  and  0,1  . In our case, returns were already scaled between -1 and 1,
with values not so close to zero and relatively small differences, therefore we assumed
that the scaling is not essential. Since other attempts failed, we tried to scale all time
series to range  0,1  .

5.2.2 Scaled Data
We selected linear scaling in form:

rt  minrt Tt 1
rt 
,
maxrt Tt 1  minrt Tt 1

(5.1)

where rt is original value of index return at time t, T denotes the number of observations
and rt is new scaled value. Results of scaled time series estimation are shown in
consecutive section. Scaled time series are shown on Figure 5.4.

6

Identical results around 3E-04 were obtained by Matlab, IBM SPSS Statistics, IBM PASW Modeler and
Easy NN Plus software. Repeated experiments demonstrated that the absolute values of errors of
estimates provided by neural networks were even larger than the absolute value of corresponding returns.
Author thoughts are that this phenomenon might emerge from rounding during data processing and
calculations.
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Figure 5.4: Scaled time series of all returns
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Table 5.10 offers descriptive statistics of scaled time series. Since the scaling does not
change distribution of examined return series, skewness, kurtosis, verified stationarity
and results of other performed statistical tests are equal to nonscaled series. To confirm
this statement, outcomes of Jarque-Bera, Augmented Dickey-Fuller and the rest of
statistical tests are situated in Appendix.
Table 5.10: Summary statistics of scaled data
Index
FTSE

Mean
Index
0,47373 FTSE

Std. deviation
0,07065

CV
0,14914

Skewness
0,05884

Kurtosis
6,14440

HSI

0,47044 HSI

0,06152

0,13077

0,20062

8,12630

DIJA

0,41587 DIJA

0,06819

0,16396

0,19038

7,92860

S&P

0,43848 S&P

0,06688

0,15253

0,08439

7,71170

N225

0,44593 N225

0,06301

0,14130

-0,10002

6,15850

Figure 5.5 depicting the output of the G-S Net surprisingly shows that data scaling make
significant differences in outcome of neural networks but also conventional estimates.
Since scaled observations have real values around 4,5E-01, expected prediction error
should be smaller that 4,5E-02, i.e. the mean squared error smaller or at least close to
2,03E-03.

Figure 5.5: Output of the G-S Net on scaled data
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It is obvious that data scaling implied substantial improvement in G-S network
performance. Prediction errors now represent about 5% - 10% of the real value, what is
attractive result, especially if we consider that in case of neural networks are errors
computed on unseen and quasi-randomly selected testing set.
Table 5.11 illustrates the outcome of forecasting methods applied on scaled Dow Jones
Industrial Average index. It shows that G-S Net again provided the significantly lower
MSE than other estimation techniques, including sophisticated Levenberg-Marquardt
algorithm and pure scaled conjugate gradient. Moreover, it achieved the highest
Determination and Adjusted determination coefficient with values 7,4% and 6,2%,
respectively.
Table 5.11: Scaled DIJA results
Method
AR

MSE
4,430E-03

RMSE
6,656E-02

R-squared
Adj. R-squared
0,016781
0,015417

HQ
-5,79119

ARIMA

4,604E-03

6,785E-02

0,010566

-0,001501

-5,37672

GARCH

4,587E-03

6,772E-02

0,010144

-0,001928

-5,38048

GDM

3,450E-02

1,857E-01

0,057476

0,045982

-3,35868

LM

5,416E-03

7,359E-02

-0,008170

-0,020465

-5,21034

SCG

8,100E-03

9,000E-02

-0,045883

-0,058638

-4,80778

G-S Net

3,363E-03

5,799E-02

0,073715

0,062419

-5,68670

The best values of HQ criterion were obtained by AR model and G-S Net. Tables 5.12,
5.12 and 5.14 offer the results for the returns of Financial Times Stock Exchange, Hang
Seng and Nikkei 225 indices.

Table 5.12: Scaled FTSE results
Method

MSE

RMSE

R-squared

Adj. R-squared

HQ

AR

6,894E-03

8,303E-02

0,021561

0,020696

-4,35331

ARIMA
GARCH

4,953E-03
4,914E-03

7,038E-02
7,010E-02

0,008332
0,008721

-0,003762
-0,003368

-5,30357
-5,31162

GDM

1,920E-02

1,386E-01

0,021287

0,009351

-3,94473

LM

4,423E-03

6,651E-02

0,211668

0,202054

-5,41278

SCG

9,400E-03

9,695E-02

0,105790

0,094885

-4,65893

G-S Net

4,268E-03

6,533E-02

0,096058

0,085034

-5,44855
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Table 5.13: Scaled HSI results
Method

MSE

RMSE

R-squared

Adj. R-squared

HQ

AR

4,778E-03

6,912E-02

0,002938

0,002070

-5,25364

ARIMA

3,774E-03

6,143E-02

0,002646

-0,009517

-5,57549

GARCH

3,752E-03

6,126E-02

0,003034

-0,009124

-5,58121

GDM

2,620E-02

1,619E-01

0,029093

0,017253

-3,63388

LM

5,097E-03

7,139E-02

0,017183

0,005198

-5,27100

SCG

3,400E-03

5,831E-02

0,121010

0,110291

-5,67587

G-S Net

3,176E-03

5,635E-02

0,091153

0,080069

-5,74417

Table 5.14: Scaled N225 results
Method

MSE

RMSE

R-squared

Adj. R-squared

HQ

AR

4,996E-03

7,068E-02

0,003163

0,002942

-5,17520

ARIMA

3,960E-03

6,292E-02

0,002346

-0,009820

-5,52748

GARCH

3,959E-03

6,292E-02

0,002166

-0,010003

-5,52756

GDM
LM

2,790E-02
5,169E-03

1,670E-01
7,189E-02

0,050728
0,129650

0,039152
0,119036

-3,57102
-5,25700

SCG

5,200E-03

7,211E-02

0,228230

0,218818

-5,25098

G-S Net

3,755E-03

6,128E-02

0,204924

0,195228

-5,57659

All three tables confirm DIJA results and show that G-S Net grants the minimal MSE.
Outcomes of scaled FTSE, HIS and N225 demonstrated the superiority of neural
networks, since focusing on Determination coefficients, all of them outperformed
classical forecasting models on these three returns samples. Networks several times
achieved values of R-squared above 20% what is essentially better than AR, ARIMA or
GARCH. The presented G-S network also constantly shows the smallest values of
Hannan-Quinn information criterion. Similar results can be found in Table 5.14
describing S&P 500 index, where in addition to minimal MSE, G-S Net offers also the
highest Determination coefficients and its adjusted version.
Table 5.15: Scaled S&P results
Method

MSE

RMSE

R-squared

Adj. R-squared

HQ

AR

8,087E-03

8,993E-02

0,018377

0,017952

-4,92644

ARIMA

4,429E-03

6,655E-02

0,011091

-0,000968

-5,41547

GARCH

4,405E-03

6,637E-02

0,008817

-0,003271

-5,42091

GDM

3,000E-02

1,732E-01

-0,034838

-0,047458

-3,49844

LM

5,226E-03

7,229E-02

-0,008815

-0,021117

-5,24598

SCG

4,200E-03

6,481E-02

0,047745

0,036132

-5,46456

G-S Net

3,441E-03

5,866E-02

0,092719

0,081655

-5,66387
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It is clear that data scaling enabled neural networks to involve their full computational
potential and recognize predictable patterns in examined samples of returns time series.
Furthermore, G-S Net evidently outperformed other techniques in the task it was
constructed for – minimization of the predictions mean squared error. In spite of the fact
that the obtained results of Determination and Adjusted determination coefficients
indicate poor patterns to be found in the examined stock markets data sample, Figure
5.5 suggests the opposite. Estimation error of around 5% - 10% of the real value is
relatively successful ratio.
To compare the predictive accuracy of performed models, Table 5.16 illustrates the
values of Diebold-Mariano test statistic and Table 5.17 depicts relevant p-values. For
our purposes was the G-S network considered as the competing and all other methods as
benchmark models, i.e. the verified null hypothesis of equal predictive ability was
confronted to alternative of significantly lower forecast errors of G-S network.

Table 5.16: Diebold-Mariano test statistics
Method

DJIA

FTSE

HSI

N225

S&P

AR

-1,9896

0,5540

-3,2048

1,2512

-1,3794

ARIMA

-2,3525

0,2905

-3,1347

1,1300

-1,7342

GARCH

-1,9773

0,4466

-3,1622

1,1483

-1,4163

GDM
LM

-9,1727
-1,9342

-10,1060
0,4873

-12,7331
-2,9569

-12,6308
1,4996

-9,0013
-1,9955

SCG

-2,9410

-2,1103

-4,0749

-0,6945

-1,3846

Table 5.17: Diebold-Mariano p-values
Method
AR

DJIA
0,0466

FTSE
0,5796

HSI
0,0014

N225
0,2109

S&P
0,1678

ARIMA

0,0186

0,7714

0,0017

0,2585

0,0829

GARCH

0,048

0,6552

0,0016

0,2508

0,1567

GDM

0,0001

0,0001

0,0001

0,0001

0,0001

LM

0,0531

0,626

0,0031

0,1337

0,046

SCG

0,0033

0,0348

0,0001

0,4874

0,1662

DM test shows that we can completely reject the null hypothesis of equal forecasts on
5% significance level in HSI time series and on 10% significance level in DIJA.
According to p-values, on examined sample G-S Net always provides better forecasts
than gradient descent with momentum and except Nikkei 225 series, better than simple
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scaled conjugate gradient. G-S Net results are comparable to Levenberg-Marquardt
algorithm, where depending on selected significance level (5% or 10%) prevails either
G-S Net or LM. Similar statements about two out of five can be made in case of
conventional time series analysis techniques, but as we mentioned in previous chapter,
Diebold-Mariano test might provide poor results in case the models are nested.
Therefore Tables 5.18 and 5.19 offer the results of Clark-West test specifically designed
for nested models. Even thought the exclusively linear alternatives to G-S network are
only AR and ARIMA, we include also GARCH estimates.

Table 5.18: Clark-West test statistics
Method

DJIA

FTSE

HSI

N225

S&P

AR

3,4887

4,5095

4,4694

3,9341

3,8895

ARIMA

3,4917

4,5114

4,4744

3,9350

3,5930

GARCH

3,4884

4,5103

4,4694

3,9344

3,8895

Table 5.19: Clark-West p-values
Method

DJIA

FTSE

HSI

N225

S&P

AR

0,0005

0,0001

0,0001

0,0001

0,0001

ARIMA

0,0005

0,0001

0,0001

0,0001

0,0001

GARCH

0,0005

0,0001

0,0001

0,0001

0,0001

Clark-West test demonstrates that we can reject the null hypothesis of equal forecast
accuracy and predictions from G-S network are preferable over conventional models.

5.3 Discussion
To sum up the empirical part of our research, Tables 5.20 and 5.21 recapitulate gathered
results containing minimized MSE from scaled and nonscaled data samples. The bold
font labels the best reached value for given stock index. We can see that on the explored
data sample G-S network unambiguously overwhelmed not only conventional time
series forecasting methods, but also the group of commonly used neural network
learning algorithms.
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Table 5.20: MSE of nonscaled data
Method

DJIA

FTSE

HSI

N225

S&P

AR

2,719E-03

2,470E-03

2,544E-04

3,553E-04

2,482E-04

ARIMA

1,654E-04

1,730E-04

2,761E-04

2,586E-04

1,882E-04

GARCH

1,649E-04

1,717E-04

2,738E-04

2,586E-04

1,872E-04

GDM

2,700E-02

2,100E-03

1,600E-02

1,400E-02

2,300E-03

LM

2,133E-04

2,014E-04

3,109E-04

3,029E-04

1,966E-04

SCG

2,414E-04

2,057E-04

4,294E-04

2,743E-04

1,952E-04

G-S Net

1,449E-04

1,584E-04

2,503E-04

2,816E-04

2,031E-04

Table 5.21: MSE of scaled data
FTSE

HSI

AR

Method

DJIA
4,216E-03

6,723E-03

4,734E-03

N225
5,236E-03

S&P
8,057E-03

ARIMA

4,604E-03

4,953E-03

3,774E-03

3,960E-03

4,429E-03

GARCH

4,587E-03

4,914E-03

3,752E-03

3,959E-03

4,405E-03

GDM

3,450E-02

1,920E-02

2,620E-02

2,790E-02

3,000E-02

LM

5,416E-03

4,423E-03

5,097E-03

5,169E-03

5,226E-03

SCG

8,100E-03

9,400E-03

3,400E-03

5,200E-03

4,200E-03

G-S Net

3,363E-03

4,268E-03

3,176E-03

3,755E-03

3,441E-03

Since the aim of this work was to consider the weak form of market efficiency, we
predicted returns of five stock indices based solely on their past values 7. Even though
we have shown serious estimation problems in case of nonscaled returns series,
inclusion of simple procedure described in Eq. (5.1) enabled us to obtain pleasurable
predictions and forecast the future price movements with a reasonable degree of
accuracy. We are aware of the fact that the examined period is really long-term and
contains large fluctuations, especially during the world financial crisis. Stock markets
are hardly predictable in short-term and patterns observed ten years ago do not have to
explain the present behavior of stocks at all. For all that we wanted to prove abilities of
G-S network on challenging sample containing periods of turmoil as well as relatively
stable seasons and eventually reveal hidden relations in returns movements. We believe
that introduced network algorithm handled the task better than other investigated
models and even on such demanding sample validated that stock market returns are at
least partially predictable.
7

As we mentioned above, despite the fact that all used neural networks predicted returns based purely on
their past 5 values, the stochastic nature of data separation caused that the data patterns learned during the
training were from complete sample.
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But besides the best outcomes, G-S network offers also several more advantages.
Neural networks are often criticized as a black box technique which parameters are
selected by trial and error approach and their choice in not supported by any underlying
economic or financial theory. G-S Net does not contain many parameters to be chosen
by the researcher and moreover, they are not crucial for the overall performance. With
the number of generations or the number of individuals in each of them the explored
weight space naturally grows, but even after first generation is the possibility of
achieving better results than standard neural network very high. The same rule holds for
selection of particular cooling schedule in simulated annealing part of the algorithm. It
only manages the effectiveness of executed search for opti mal weights vector, but the
existence of search per se, increases the prospect of finding better synaptic weights.
Over and above, G-S network provides the better results with approximately 40% less
parameter than other examined network types. Only drawbacks of this method are
higher computational requirements and time, therefore it is not proper for real -time
applications. But if it is once trained on the sufficiently large data set, it can be normally
used for predictions and occasionally, e.g. at the end of the day, retrained.
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Conclusion

In compliance with Efficient Market Hypothesis, no model can continually beat the
market and the optimal strategy is to buy stocks and wait. This thesis introduced the
new hybrid G-S neural network as a potential stock market analysis tool and compared
its performance with conventional time series prediction techniques and standard neural
networks.
After we described the theoretical framework of stock market efficiency and menti oned
various forecasting methods, we aimed at basic principles and fundamentals of artificial
neural networks. Second chapter of this work explained their biological background,
activation functions, architectures and simple mathematical operations that are essential
to the functioning of every neural network. It also focused on network learning and
depicted standard learning mechanisms, starting from ordinary Gradient descent and
terminating with sophisticated Levenberg-Marquardt or Conjugate gradient algorithms.
Third chapter was devoted to metaheuristics, i.e. approximation procedures that provide
good results in an acceptable time and through their stochastic nature simplify the exact
computation of the desired optimal solution. It dealt with genetic algorithms and
simulated annealing, which we integrated into our new neural network functioning.
Following chapter provided the specification of the developed G-S network. The aim of
proposed method was to overcome three typical difficulties associated with ordinary
neural networks, namely selection of initial weights, determination of network topology
and local minimum problem. Presented network resolves these issues with architecture
selected by genetic algorithms and learning process enhanced by simulated a nnealing
procedure.
Last part of this thesis offered characteristics of the analyzed data sample, which
comprised of five stock indices, concretely Dow Jones Industrial Average, Financial
Times Stock Exchange, Hang Seng Index, Nikkei 225 and Standard & Poor´s 500.
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Realized statistical tests showed that returns series were non-normal distributed and
involved nonlinear patterns but Augmented Dickey-Fuller test rejected the presence of
unit roots, therefore all were stationary. In compliance with stylized facts, each of the
indices had leptokurtic distribution with kurtosis much higher than 3. The chapter was
also aimed at obtained empirical results and it confronted applied forecasting techniques
according to selected evaluation criteria.
Even though the final outcomes revealed the necessity of data preprocessing, G-S
network overcame conventional econometric methods as well as standard neural
networks. Not only it evidently provided superb score in minimization of the mean
squared error on unseen data, but also granted the same or better values of
Determination coefficient compared to the rest of the observed models. Besides the best
results, G-S network has several advantages, such as small number of user-defined
parameters or significantly less synaptic weights than prevailing networks.
Neural networks are still an intensively and thoroughly researched topic. We hope that
successful results of the presented method will contribute to the academic discussion
and simplified version of the algorithm or at least the fundamental idea will be used to
solve real issues in business practice. Following research might be concentrated on
programming amendments and reduction of computational time.
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Appendix

A.1 Partial derivative of E(n) with respect to yh (n)
From Eq. (2.11) we know that E (n ) 

1 Z 2
 el (n), where neuron l is an output neuron.
2 l 1

Accordingly, the partial derivative of E (n ) with respect to yh (n) can be written as:

E (n )
e (n )
  el (n) l
.
yh (n ) l
yh (n )

(A.1.1)

Applying the chain rule for the partial derivative of el (n ) with respect to yh (n) , we
may proceed by stating that:

E (n )
e (n ) ol (n )
  el (n ) l
.
yh (n ) l
ol (n ) yh (n )

(A.1.2)

el (n)  tl (n)  yl (n)  tl (n)  l, (ol (n)),

(A.1.3)

Since we know that:

it is possible to continue with:

el (n )
 l, (ol (n)).
ol (n )

(A.1.4)

Again, we know that the activation potential of neuron l is given by
m

ol (n )   wlh (n ) yi (n ), where yi is the output from hidden neuron h and m is the
h 0

number of inputs. Taking the difference of this equation, we get:
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ol (n )
 wlh (n).
yh (n)

(A.1.5)

Combining Eq. (A.4) and (A.5) we obtain the wished partial derivative:

E (n)
  el (n)l, (ol (n)) wlh (n)   l (n)wlh (n ),
yh (n)
l
l

(A.1.6)

where  l (n) is local gradient defined in Eq. (2.20). At last, combining Eq. (A.6) with
Eq. (2.21), we derive the local gradient expression of hidden neuron h:

 h (n)  h, (oh (n)) l (n)wlh (n).
l
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A.2 Rastrigins function
Rastrigins function is a non-convex function defined by:
n

f ( x )  An   xi2  A cos(2 xi ,

(A.2.1)

i 1

where usually A  10 and xi    . Since it has global minimum at 
and large number of local minima, it is a common performance test for optimization
algorithms. Rastrigins function is shown in Fig. A.1:

Figure A.2.1: Rastrigins function 8

8

Source: MathWorks (2010), modified by author.
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A.3 Scaled conjugate gradient method
We have noted that conjugate gradient methods are based on the same universal
optimization strategy common for all learning techniques, i.e. the selection of initial
vector of weights and subsequent determination of the weight update direction and size
so that E (n  1)  E (n) . However, conjugate gradient methods assess the change
direction and size using information from the second order approximation from Eq.
(2.24) and the conjugate condition from Eq. (2.38). The weights vector w(n  1) is then
recursively reached through:
w(n  1)  w(n)   (n)w(n),

(A.3.1)

w(n)  G(n)   (n  1)w(n  1).

(A.3.2)

where

 (n) represents momentum parameter and  (n ) denotes the time dynamic learning

rate that might be estimated using line search procedure:

 (n)  min w(n)  w(n));  0.

(A.3.3)



Utilization of line search method allows us to avoid the computationally rugged
calculation of H(n) .
But according to Møller (1993), the learning rate might be determined also using
another approach than line search. With regard to his suggestion, the desired
s(n)  H(n)w(n) can be estimated by:

s(n) 

G( w(n)   (n)w(n))  G( w(n))
;
 (n)

0   ( n)

1

(A.3.4)

The memory usage of such a method is considerably smaller than in case of computing
the exact value of H(n) . Problem of general conjugate gradient algorithm consist in the
fact that it requires functions with positive definite Hessian matrices, what is does not
necessarily hold and CG minimization of the cost function may fail. In order to deal
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with this shortage, the introduced scaled conjugate gradient algorithm combines the
model-trust region approach, occurring i n LM algorithm with the general conjugate
gradient technique.
Let  (n ) be a scalar, known as Lagrange Multiplier. The objective of  (n ) in CG
methodology is to operate the indefiniteness of the Hessian matrix suc h that:

s(n) 

G( w(n)   (n)w(n))  G( w(n))
  (n)w(n).
 (n)

(A.3.5)

The definiteness of H(n ) is directly given by observing the sign of  (n ) , so that  (n )
can be updated at each iteration. If  (n)  0 then H(n) is not positive definite,  (n )
has to be increased and s(n ) computed again. For further convenience it might be
suitable to denote the new s(n ) as s(n ) and the increased  (n ) as  (n ) .
Suppose an iteration in which  (n)  0 . If, again, the new  (n ) is renamed as  (n )
then with the view of receiving  (n)  0 ,  (n ) should be raised as follows:

 (n)  wT (n)s(n)



 (n)    (n)   (n)  w(n)  

(A.3.6)

i.e.

 (n )   (n ) 

 (n )
w(n )

2

.

Eq. (A.3.7) means that if  (n ) is increased by more than 

(A.3.7)

 (n )
w(n )

2

, it must hold that

 (n)   It is obvious that  (n ) depends on  (n ) ,  (n ) and w(n) . Møller (1993)
2

proposed  (n ) as:





 (n)  2   (n) 

what implied

127

 (n ) 

,
2 
w(n ) 

(A.3.8)
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 (n)   (n)   ( (n)   (n)  w(n)

2

(A.3.9)

and

 (n)   (n)   (n) w(n)  0.
2

(A.3.10)

The learning rate  (n ) is then determined by:

 (n) 

(n)
(n)

 (n) wT (n)s(n)   (n) w(n) 2

(A.3.11)

 (n ) directly modifies the value of the learning rate  (n ) in a sense that larger  (n )
means smaller movement and vice versa.
But because  (n ) assesses H(n) in an artificial manner, the quadratic approximation of
E (n ) which is the essence of the proposed method, may not be a proper approximation

of the network cost function in general. In order to administer  (n ) , another operator is
necessary. Let  (n ) be a measure of quadratic approximation EQ (n ) efficiency:

 (n) 

E ( w(n))  E ( w(n)   (n) w( n))
E ( w(n))  EQ ( (n) w(n))

(A.3.12)

that is

 (n ) 

2 (n)  E ( w(n))  E ( w(n)   (n)w(n))
 2 (n)

(A.3.13)

The closer is  (n ) to 1 the better approximation provides EQ  (n)w(n)  to

E  w(n)   (n)w(n)  .
 (n ) is then updated according to subsequent rules:

1
if  (n)  0,75 then  (n )   (n)
4
if  (n)  0,25 then  (n )   (n) 
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 (n)(1   (n))
w(n )

2

(A.3.15)
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Finally, the complete scaled conjugate gradient might be described as following
sequence:
i.) Select the initial vector of weights w(1) and scalars  and  (1) , where 0    104
and 0   (1)  106 .
ii.) Set w(1)  G(1) and compute second order representation as:

 (n ) 

s(n) 


w(n )

(A.3.16)

,

G  w(n)   (n)w(n)   G  w(n) 
,
 (n)

 (n)  wT (n)s(n)

(A.3.17)

(A.3.18)

iii.) Determine  (n ) :

 (n)   (n)  ( (n)   (n)) w(n)

2

(A.3.19)

iv.) If  (n)  0 then adjust H(n) to be positive definite by:





 (n)  2   (n) 

 (n ) 

,
2 
w(n ) 

(A.3.20)

 (n)   (n)   (n) w(n) ,

(A.3.21)

 (n)   (n).

(A.3.22)

2

v.) Compute the magnitude of the learning rate  (n ) :

(n)  wT (n)G(n),
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 (n ) 

(n )
.
 (n)

(A.3.24)

vi.) Compute the difference operator  (n ) :

 (n ) 

2 (n)  E  w(n)   E  w(n)   (n) w(n)  

 2 (n)

.

(A.3.25)

vii.) In compliance with  (n ) update rules:
if  (n)  0 then w(n  1)  w(n)   (n)w(n),

(A.3.26)

1
if  (n)  0,75 then  (n)   (n),
4

(A.3.14)

if  (n)  0,25 then  (n )   (n) 

 (n) 1   (n) 
w(n )

2

.

(A.3.15)

viii.) If G(n)  0 , end the process and set w(n  1) as the required vector or connection
weights that minimizes the network cost function E (n).
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A.4 In-Sample results of all methods
A.4.1 Non-scaled data
Table A.4.1: In-sample non-scaled DJIA results
Method

MSE

RMSE

R-squared

Adj. R-squared

HQ

AR

0,00399

0,06314

0,01762

0,00564

-5,52061

ARIMA

0,00414

0,06437

0,01109

-0,00097

-5,48208

GARCH

0,00413

0,06425

0,01065

-0,00141

-5,48585

GDM

0,03105

0,17621

0,06035

0,04889

-3,46800

LM

0,00487

0,06982

-0,00858

-0,02088

-5,31966

SCG

0,00729

0,08538

-0,04818

-0,06096

-4,91710

G-S Net

0,00303

0,05502

0,07740

0,06615

-5,79602

Table A.4.2: In-sample non-scaled FTSE results
Method

MSE

RMSE

R-squared

Adj. R-squared

HQ

AR

0,00655

0,08092

0,02587

0,01399

-5,02432

ARIMA
GARCH

0,00471
0,00467

0,06860
0,06832

0,01000
0,01046

-0,00208
-0,00160

-5,35486
-5,36291

GDM

0,01824

0,13506

0,02554

0,01366

-3,99999

LM

0,00420

0,06482

0,25400

0,24490

-5,46803

SCG

0,00893

0,09450

0,12695

0,11630

-4,71419

G-S Net

0,00405

0,06367

0,11527

0,10448

-5,50380

Table A.4.3: In-sample non-scaled HSI results
Method

MSE

RMSE

R-squared

Adj. R-squared

HQ

AR

0,00444

0,06666

0,00358

-0,00857

-5,41224

ARIMA

0,00351

0,05924

0,00323

-0,00893

-5,64806

GARCH

0,00349

0,05907

0,00370

-0,00845

-5,65378

GDM

0,02437

0,15610

0,03549

0,02373

-3,71041

LM

0,00474

0,06885

0,02096

0,00902

-5,34753

SCG

0,00316

0,05623

0,14763

0,13723

-5,75240

G-S Net

0,00295

0,05434

0,11120

0,10036

-5,82070
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Table A.4.4: In-sample non-scaled N225 results
Method

MSE

RMSE

R-squared

Adj. R-squared

HQ

AR

0,00475

0,06890

0,00362

-0,00853

-5,34619

ARIMA

0,00376

0,06133

0,00269

-0,00947

-5,57878

GARCH

0,00376

0,06133

0,00248

-0,00968

-5,57885

GDM

0,02651

0,16280

0,05812

0,04663

-3,62627

LM

0,00491

0,07007

0,14853

0,13815

-5,31225

SCG

0,00494

0,07029

0,26147

0,25247

-5,30624

G-S Net

0,00357

0,05973

0,23477

0,22544

-5,63184

Table A.4.5: In-sample non-scaled S&P results
Method

MSE

RMSE

R-squared

Adj. R-squared

HQ

AR

0,00712

0,08436

0,02281

0,01089

-4,94117

ARIMA

0,00390

0,06243

0,01376

0,00174

-5,54331

GARCH

0,00388

0,06226

0,01094

-0,00112

-5,54874

GDM

0,02400

0,15492

-0,04323

-0,05596

-3,72555

LM

0,00465

0,06820

-0,01094

-0,02327

-5,36648

SCG

0,00468

0,06840

0,05925

0,04778

-5,36056

G-S Net

0,00299

0,05471

0,11506

0,10427

-5,80709

A.4.2 Scaled data
Table A.4.6: In-sample scaled DJIA results
Method

MSE

RMSE

R-squared

Adj. R-squared

HQ

AR

0,00399

0,06314

0,02181

0,00988

-5,52061

ARIMA

0,00414

0,06437

0,01373

0,00170

-5,48208

GARCH

0,00413

0,06425

0,01318

0,00115

-5,48585

GDM

0,03105

0,17621

0,07469

0,06341

-3,46800

LM

0,00487

0,06982

-0,01062

-0,02294

-5,31966

SCG

0,00729

0,08538

-0,05962

-0,07255

-4,91710

G-S Net

0,00303

0,05502

0,09579

0,08477

-5,79602

Table A.4.7: In-sample scaled FTSE results
Method

MSE

RMSE

R-squared

Adj. R-squared

HQ

AR

0,00655

0,08092

0,02372

0,01181

-5,02432

ARIMA

0,00471

0,06860

0,00916

-0,00292

-5,35486

GARCH

0,00467

0,06832

0,00959

-0,00249

-5,36291

GDM

0,01824

0,13506

0,02342

0,01151

-3,99999

LM

0,00420

0,06482

0,23283

0,22348

-5,46803

SCG

0,00893

0,09450

0,11637

0,10559

-4,71419

G-S Net

0,00405

0,06367

0,10566

0,09476

-5,50380
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Table A.4.8: In-sample scaled HSI results
Method

MSE

RMSE

R-squared

Adj. R-squared

HQ

AR

0,00444

0,06666

0,00323

-0,00893

-5,41224

ARIMA

0,00351

0,05924

0,00291

-0,00925

-5,64806

GARCH

0,00349

0,05907

0,00334

-0,00882

-5,65378

GDM

0,02437

0,15610

0,03199

0,02018

-3,71041

LM

0,00474

0,06885

0,01889

0,00693

-5,34753

SCG

0,00316

0,05623

0,13305

0,12248

-5,75240

G-S Net

0,00295

0,05434

0,10022

0,08925

-5,82070

Table A.4.9: In-sample scaled N225 results
Method

MSE

RMSE

R-squared

Adj. R-squared

HQ

AR

0,00475

0,06890

0,00383

-0,00832

-5,34619

ARIMA

0,00376

0,06133

0,00284

-0,00932

-5,57878

GARCH

0,00376

0,06133

0,00262

-0,00954

-5,57885

GDM

0,02651

0,16280

0,06138

0,04993

-3,62627

LM

0,00491

0,07007

0,15688

0,14659

-5,31225

SCG

0,00494

0,07029

0,27616

0,26733

-5,30624

G-S Net

0,00357

0,05973

0,24796

0,23879

-5,63184

R-squared
Adj. R-squared
0,02097
0,00903

HQ
-2,67102

Table A.4.10: In-sample scaled S&P results
Method

MSE
0,00712

RMSE
0,08436

ARIMA

0,00390

0,06243

GARCH

0,00388

GDM

0,02400

LM

AR

0,01266

0,00061

-2,78731

0,06226

0,01006

-0,00201

-2,78735

0,15492

-0,03975

-0,05243

-1,81106

0,00465

0,06820

-0,01006

-0,02238

-2,65405

SCG

0,00468

0,06840

0,05448

0,04295

-2,65104

G-S Net

0,00299

0,05471

0,10579

0,09489

-2,81384
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A.5 Results of statistical tests performed on scaled data
Table A.5.1: JB, ADF and RESET test of scaled data
Index
FTSE

JB
4369,95

p-value
0,00000

ADF
-24,150

p-value
0,00000

RESET
20,9149

p-value
0,00000

HSI

7557,62

0,00000

-22,284

0,00000

31,5787

0,00000

DIJA

7261,70

0,00000

-22,566

0,00000

13,7928

0,00000

S&P

6852,23

0,00000

-22,909

0,00000

19,0886

0,00000

N225

4266,62

0,00000

-22,598

0,00000

19,7085

0,00000

Table A.5.2: DW test and LBQ statistics of scaled data
Index

DW

p-value

LBQ

p-value

FTSE

2,00560

0,55895

0,22162

0,99900

HSI

1,99852

0,48476

0,06537

1,00000

DIJA

2,00053

0,50553

0,09790

1,00000

S&P

1,99987

0,49940

0,09833

1,00000

N225

2,00016

0,50168

0,03061

1,00000
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