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Abstract
Forecasting procedures have found applications in a wide variety of areas within
finance and have further shown to be one of the most challenging areas of finance.
Having an immense variety of economic data, stakeholders aim to understand the
current and future state of the market. Since it is hard for a human to make sense
out of large amounts of data, different modeling techniques have been applied to
extract useful information from financial databases, where machine learning techniques are among the most recent modeling techniques. Binary classifiers such as
Support Vector Machines (SVMs) have to some extent been used for this purpose
where extensions of the algorithm have been developed with increased prediction
performance as the main goal. The objective of this study has been to develop a
process for improving the performance when predicting the sign of return of financial
time series with soft margin classifiers.
An analysis regarding the algorithms is presented in this study followed by a description of the methodology that has been utilized. The developed process containing
some of the presented soft margin classifiers, and other aspects of kernel methods
such as Multiple Kernel Learning have shown pleasant results over the long term,
in which the capability of capturing different market conditions have been shown
to improve with the incorporation of different models and kernels, instead of only
a single one. However, the results are mostly congruent with earlier studies in this
field. Furthermore, two research questions have been answered where the complexity
regarding the kernel functions that are used by the SVM have been studied and the
robustness of the process as a whole. Complexity refers to achieving more complex
feature maps through combining kernels by either adding, multiplying or functionally transforming them. It is not concluded that an increased complexity leads to
a consistent improvement, however, the combined kernel function is superior during
some of the periods of the time series used in this thesis for the individual models.
The robustness has been investigated for different signal-to-noise ratio where it has
been observed that windows with previously poor performance are more exposed to
noise impact.
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Nomenclature
Abbreviation
SVM
FSVM
FTSVM
PKSVM
RVM
MKL
PCA
SA
SNR
QPP
MCC
ACC
A
P
S
Spc

Phrase
Support Vector Machine
Fuzzy Support Vector Machine
Fuzzy Twin Support Vector Machine
Prior Knowledge Support Vector Machine
Relevance Vector Machine
Multiple Kernel Learning
Principal Component Analysis
Simulated Annealing
Signal To Noise Ratio
Quadratic Programming Problem
Mathew Correlation Coefficient
Accuracy
Accuracy
Precision
Sensitivity
Specificity

Table 1: Commonly used abbreviations with corresponding phrase.
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Chapter 1
Introduction
Forecasting of financial time series is considered to be one of the most challenging
applications of modern time series forecasting. Empirical findings throughout time
have shown that financial time series are non-stationary, inherently noisy and random in the short-term while some, e.g. the stock market as a whole, have a positive
risk-premium in the long run. Non-stationarity means that the distribution of the
time series changes over time. Further, to understand noise one can consider the
market as a system that takes in a great deal of information (fundamentals, rumors,
political events, news events, who bought what, when and at what price etc.) and
produces an output ŷ. A model that tries to simulate the market but takes in only
a subset, x, of the information, is subject to noise considering the unavailable information in x to fully reflect the changes in the output. (Yaser & Atiya, 1996)
Another very noteworthy characteristic of financial time series is that the sample
size is usually scarce in comparison to an ideal case when working with machine
learning algorithms. (Yang, et al., 2004)
In recent years, support vector machines (SVMs), a type of soft margin classifier,
along with some of its many extensions have been applied for modeling financial
time series (Francis & Cao, 2001; Okasha, 2014; Kumar & Thenmozhi, 2015; Madge,
2015; Chan, 2017). They fall into the machine learning category where in contrast
to traditional statistical models, SVMs are data-driven and makes predictions based
on evidence in the presence of uncertainty. Consequently, they are less susceptible
to the problem of model mis-specification, in comparison to most parametric models. Support Vector Machines have been successfully applied to many classification
problems (Zaki et al., 2011). SVM can be used in a binary classification to classify the sign of return of financial time series, where negative returns represent one
class whereas positive returns represent the second class. Since the training procedure can be formulated as a linearly constrained quadratic program, the result of
the optimization problem becomes unique, optimal and absent from a local minimum. The risk of being stuck in a local minima is therefore completely removed.
Given a target-feature set, SVMs classifies the features by transforming them into
a higher, possibly infinite dimensional, feature-space, and then constructing a separating hyperplane which maximizes the margin between the two classes based on
the information of which feature vector belongs to which class. Having constucted
the hyperplane, a new example is classified by checking what side of the hyperplane
it is on. When solving the optimization problem of SVMs and its extensions, the
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similarity of features are measured by the dot product in either its original or higher
dimensional feature space. Thanks to Mercer’s condition, which states that the dot
product between two feature vectors is equal to the kernel transformation of the
original feature vectors given that it is positive definite and symmetric, this feature
mapping happens only implicitly. There are many kernel functions and each is consequently a representation of the possibly higher dimensional feature space, which
determines how well the classes can be separated. Further, each kernel function
can have zero to several parameters which affects the form of the feature space.
Even though SVMs exudes a lot of benefits, one limitation to the model is the fact
that Mercer’s condition must be fulfilled while computing the kernel-transformations
(Francis & Cao, 2001). Since this condition limits the possibility of finding better
fitting kernel-transformations, relevance vector machines (RVMs) will be researched
and applied in similar manner to SVM and other soft margin classifiers.
RVM is a model with identical functional form as SVM. By exploiting a Bayesian
learning framework, accurate prediction models that utilizes fewer basis functions
than a similar prediction made with SVM can be derived. Furthermore, rather than
hard binary decisions, RVM introduces probabilistic predictions with the facility of
utilizing arbitrary basis functions, e.g. non-’Mercer’ kernels (Tipping, 2001). Both
SVMs and RVMs are kernel methods, i.e. linear methods possibly transformed to
solving nonlinear tasks by applying a kernel function in the previously linear model
formulation. By applying a kernel, new challenges and problems that need to be addressed arises. For instance, for each problem domain and kernel method a suitable
kernel with corresponding parameters have to be chosen. Further, for some applications high-dimensional spaces provide some properties which can have essential
impact on the choice of kernel or method. Additionally, there is no straight forward
method for choosing the best kernel with corresponding parameters. (Chalup &
Mitchell, 2008).
Many studies within this field have studied financial time series prediction with the
use soft margin SVM and RVM. However, we find no study that involves other soft
margin classifiers and a broader range of kernels for this problem domain. In light
of this, we find it interesting to gain deeper insights in this problem field. Further,
kernels can be multiplied, added or combined in other ways, to achieve greater complexity while still fulfilling Mercer’s condition. An area that covers this is multiple
kernel learning where the weights of a combination of kernels are learnt. We find only
one study that have investigated how the prediction power changes with increased
complexity in the kernel function for financial time series using Easy Multiple Kernel Learning (EasyMKL) in combination with SVMs. However, we find none that
have studied other multiple kernel learning methods in combination with SVM or
other soft margin classifiers in finance. This study therefore will investigate how
the complexity can be increased through several multiple kernel learning algorithms
and how this affects the prediction performance.
Furthermore, since financial time series are inherently noisy, it is important to know
how well the models manage noise. As presented in section 3.7, we find one study
that examines this property for SVM in classifying heart rate signals of adults versus
juveniles. They introduce white noise to the signals and find that heart rate signals
Abo Al Ahad, G. & Salami, A.
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are still well classified even with very low signal to noise ratio. However, the features
without added noise that were used gave apparent separation between the classes,
meaning that by simply plotting them in a 2d-plot one could almost guess which
signal belonged to which class. Therefore, it would still be interesting to investigate
the models’ robustness to noise in another problem domain.

1.1

AP3 - Third Swedish National Pension Fund

The Third Swedish National Pension Fund (AP3) is one of a total of seven funds
that operates as a buffer fund within the Swedish pension system. AP3 has the objective of contributing to and maintaining a highly stable pension scheme for both
today’s and next-generation pensioners.
AP3 manages the fund capital in the income pension system and acts as a buffer
for surpluses and deficits between taxes and pensions. The fund’s mission is to
contribute to the long-term funding of the income pension system by maximizing
returns in relation to the risk in the investments on a long-term basis. This will allow
the fund to live up to its important roles in the pension system. In order to reduce
risk and maximize return, it is therefore of the utmost importance and interest to
develop statistically powerful models to be able to understand and possibly predict
the future market development with regards to the vast amount of noise in the data
that is analyzed. This thesis will research this area with the application of machine
learning where several soft margin classifiers will be investigated as means to predict
the sign of return of financial time series.

1.2

Purpose

Development of a process for improving performance when predicting the sign of
return of financial time series with soft margin classifiers.

1.3

Research Questions

In order to comply with the objective of this study, the following research questions
will guide the investigation:
• How is the prediction performance of the SVM and its extensions affected by
increasing the complexity in the kernel functions?
• How is the models’ robustness with respect to the signal to noise ratio?

1.4

Delimitation

To be able to comply with the purpose of the study the following delimitations will
be introduced:
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• The analysis will be limited to the forecasting of the sign of the return on
the complete US equity market in excess of a risk free return as supplied by
Kenneth French (French, 2018).
• The study will only focus on the supervised learning part, meaning that the
features from the Principal Component Analysis (PCA) will ultimately be
decided by a static criterion and will be the same for all tests. The criterion
is that we use the number of components that answers for approximately 98%
of the variability in the input data for each target series.
• Only monthly data will be used and only one step predictions, e.g. one month
ahead, will be investigated.
• Although auto-correlation might exist in the time series, cross-validation will
assume that time periods are independent.
• Only numeric continuous data will be considered.
• All data will be consistent with each other regarding the length and frequency.
• Although there are currently plenty of extensions to the original SVM, this
study will, after a literature review of prior research have been done, select
only a few that have relevance for financial application.
• Many methods in the framework of kernel methods and support vector machine
learning, involves formulations of optimization problems that can be solved in
various ways. Since speed is not of main concern, this study will not focus on
comparing the different optimization methods.
• No consideration will be taken regarding transaction costs.
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Chapter 2
Scientific Method
This chapter provides an overview of the thesis methodology used to answer the objective. Flowcharts are presented throughout the chapter consisting of, and visualizing different phases and parts of the process followed by a more detailed explanation.
To be able to comply with the objective of the study, the process for improving
prediction performance is divided into three phases with associated steps which can
be observed in figure 2.1. Given the high degrees of freedom in this area of research,
improving prediction performance refers to investigating and forming a framework
that incorporates more kernels, soft-margin classifiers and aspects of kernel methods,
rather than only focusing on specific kernels and classifiers.

Figure 2.1: Phases of the methodology.

The first phase (see figure 2.2) includes collection and processing of data to make
sure that the data does not contain gaps, is readable, arranged correctly and has
the correct length of time for each time series. Suitable data processing techniques
will be utilized for this, these are the introduction of lag to the time series, normalization of signals through z-scores (Stattrek.com, 2018) and extraction of the most
significant components, which will answer for approximately 98% of the variation
in the data, with PCA (Wold, Esbensen & Geladi, 1987). The target variable will
consist of the US equity premium, the US equity market returns subtracted by the
risk-free rate (extracted from the 1-month US treasury bill).

Abo Al Ahad, G. & Salami, A.
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Figure 2.2: First phase of the methodology.

The most significant features are obtained once the first phase is finished. The second phase of the study will cover the implementation of the SVM, its extensions
and RVM, implementation of kernel functions and prediction of the target’s sign
of return. Soft-margin classifiers relevant to financial time series prediction will be
selected through a study on prior research.

Figure 2.3: Second phase of the methodology.

The first step of the second phase (see figure 2.3) consists of assembling a list of candidate kernels for each kernel-based learning algorithm through a literature review,
with table 2.1 as a starting point. The process will then continue by determining
the best performing single kernel for each feature-target set and base learner where
a model is defined as a base learner with a kernel function and one corresponding set
of parameters. This set includes both kernel and model parameters. For instance, a
SVM with radial basis kernel function with σ = 10 constitutes one model, whereas
and the same combination with σ = 1 constitutes another model.
Kernel type
Mathematical representation
xi , x j ) = αx
xTi x j
Linear
K(x
xi , x j ) = exp (−αkx
x i − x j kγ )
Gamma Exponential
K(x
xi , x j ) = exp (1 + αkx
xi − x j k2 )−β
Rational-Quadratic
K(x
xi , x j ) = exp (1 + αkx
xi − x j kγ )−β
Gamma-Rational
K(x
xi , x j ) = (x
xTi x j + P
Polynomial
K(x
m)d
xi , xj ) = exp (−α ni=1 sin (p(x
xi − xj ))2 )
Periodic
K(x
xi , x j ) = tanh(αx
xTi x j +c)
Sigmoid
K(x
x xj k22
xi , x j ) = exp −kx iσ−x
Radial Basis Function (RBF)
K(x
2
Table 2.1: A list over common Mercer’s kernels (a condition that must be satisfied for
SVMs, except Sigmoid) that are investigated in this study. x i represents a feature vector.

As can be seen in the table above, different kernel functions have different number
Abo Al Ahad, G. & Salami, A.
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of hyper-parameters that must be identified. Since well performing parameters for
the kernel functions and the base learners are not known in advance, some type of
parameter search must be conducted. Methods of consideration for this purpose are
grid-search (Liu & Xu, 2013), class separability optimization (Hsu et al., 2016) and
simulated annealing (SA) (Lin et al., 2007). The choice of method will be based
on a detailed study of each method and their corresponding performance ability.
The parameter tuning will be conducted with one of above mentioned methods in
combination with k-fold cross-validation. Cross-validation is one of the most commonly used method for model selection and evaluation of prediction performances
of a model with a given priori (Arlot & Celisse, 2009; Zhang & Yang, 2015). The
algorithm will utilize k-fold cross-validation for the predictions made by the base
learner. The cross-validation method is based on data splitting where one part of
the data is used for training the model, and the remaining part is used to measure
the performance of the model. The data in the k-fold cross-validation will be split
into k-folds of equal size and during each run, one of the folds will be left out as validation data while the rest are used for training the model. This will be performed k
times where in each run the next fold is chosen as validation set and ultimately, all
results are averaged, representing the expected performance of the predictor. The
aim is to find the best performing kernel function, with corresponding parameters
for each base learner, from the list of predefined kernels that includes but is not
limited to the kernels in table 2.1. Having the best base learner and kernel combination, the outcome in the cross-validation will then be evaluated in order to see if
and appropriate model selection method leads to an improved process.
To get a better view on the performance of the base learners, the models and the
process, they are tested on windows of economically important time periods through
a walk-forward optimization scheme. For this scheme a rolling window starting with
45 year of training using cross-validation data, while 5 years will be used as testing
data for evaluation. The model will be determined using the 45 years of data in
combination with one of the three mentioned parameter tuning methods and crossvalidation. Optimal parameters are then defined as parameters that gives highest
performance on all folds of the k-fold cross-validation. After having found optimal
parameters, the model is trained using the 45 years of data and tested on the remaining 5 years of the complete window. The window is then rolled leaving out the
5 first years while including the 5 years of previous out-of-sample data, whereas the
5 following years is selected as test data and the same procedure is repeated. The
models are evaluated between each run using the performance metrics described
below in section 2.1 and the performance will be documented and analyzed in order
to find the best performing single kernel of its simplest form along with the best
performing soft margin classifier in each window. The last test set will be slightly
larger, including the remaining data points that do not fit in a sole window.
To investigate whether an increase in the complexity of kernel functions contributes
to improved performance, Multiple Kernel Learning (MKL) technique is used. This
method is based on optimizing the weights of a kernel that consists of all kernel
functions in the list combined either linearly, nonlinearly or functionally. Here, the
optimal parameters found for each kernel and base learner will be combined and
the corresponding weights optimized. Through this test it is possible to investigate
Abo Al Ahad, G. & Salami, A.
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whether the MKL methods give better performance than the single best performing
kernel. There are various MKL methods and the ones relevant to this study will be
presented in the following chapter followed by a selection of an adequate method in
Chapter 4.
In summary so far, the process of improving prediction performance is about developing a process for training and selecting an adequate model that is believed to
best predict the future at a given time. Hence, using the walk-forward scheme described previously, we can in each window of 45 years of data select the model that
shows best cross-validation performance after parameter tuning. This way we can
investigate if any base learner and kernel is selected in the majority of periods or in
all periods of the walk-forward scheme. We can also investigate whether this is an
appropriate approach for achieving improved performance over using only a single
kernel and base learner.

Figure 2.4: Third phase of the methodology.

The third phase (see figure 2.4) focuses on studying the models’ robustness to noise
for financial time series, in similar fashion as Kampouraki et al. (2006). The best
performing kernel or combined kernel with corresponding parameters will be used
for each classifier and window. Then, white Gaussian noise with zero mean is added
to the input parameters, i.e. the features, before normalization and principal component transformation. Six tests for each model will be performed where the standard
deviation of the noise is chosen so that the signal-to-noise ratio (SNR) for each
feature is decreased linearly between each test starting from 10 and finishing at
0 db in the final test. The SNR is measured by computing the ratio of the signal’s summed squared magnitude to that of the noise. The test results will then
be evaluated against the performance of the original signal without added noise to
investigate whether the classification performance have decreased significantly when
adding significant amount of noise. It will also be investigated whether the performance decreases linearly as the SNR decreases linearly.
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Phase 1:

Data processing

Phase 2:

Predict

Phase 3:

Robustness

Data collection
and cleaning

Introduce time
lag to time
series that
requires it

Normalize factors
through z-scores

Feature extraction
through PCA

For each kernel
in the predeﬁned
list of kernels and
kernels combined
through MKL

Parameter tuning
for walk-forward
window

Evaluate
Model

Document
performance

Introduce white
noise to best
performing models
from phase 2

Evaluate results

Figure 2.5: Overview of all of the phases and steps to answer the objective.

2.1

Analysis and evaluation

In both phase 2 and phase 3 evaluation plays a crucial role. The output from each
base learner will be in the form of a prediction of the sign of return for a coming
period which in this case is one month. For the RVM model the output is almost of
the same form but with a probability that the sign of return will be either positive
or negative.
In this study we distinguish between two types of measures, namely mechanical
performance measures and portfolio performance measures. The former directly describe the performance of the machine learning algorithm, while the latter describes
the performance of the investment strategy based on information from each base
learner and thus indirectly the performance of the algorithm. Below follows the definition of the measures that are used in this study. These are the measurements that
will be analyzed for each model. Each model will be evaluated against the mechanical measures defined below and for each kernel the model with the highest Matthews
correlation coefficient (MCC) is chosen and compared to the other kernels of the list.
Since simple statistical calculations show that financial time series of returns generally have more periods of positive returns than negative, giving imbalance of classes
in the data set, accuracy alone is not a good metric. This is because the algorithm
Abo Al Ahad, G. & Salami, A.
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can reach a seemingly good accuracy by only predicting positive future returns and
completely disregard the negative ones. Consequently, MCC gives a better overview
of the performance of the algorithm since it considers mutually accuracies and error
rates of both classes (Bekkar, Djemaa, Alitouche, 2013).

2.1.1

Mechanical measures

Accuracy, denoted as A, is the most commonly used performance metric and it
measures the number of times the algorithm correctly predicts a positive or negative
sign of return to the total number of predictions:
A=

C+ + C−
C+ + C− + W+ + W−

∈ [0, 1],

(2.1)

where C+ , C− , W+ and W− stands for correctly predicted positive sign of return,
correctly predicted negative sign of return, wrongly predicted positive sign of return
and wrongly predicted negative sign of return respectively. One strives for as high
accuracy as possible in different market climates. However, as previously described
in highly imbalanced data sets accuracy is a misguiding assessment metric. (Bekkar,
Djemaa, Alitouche, 2013) In this study we use accuracy to measure the generalization ability in the cross-validation procedure.
To better assess imbalanced data sets a few other mechanical measures that Bekkar
et al. (2013) propose are used in this study. The assessment measures in question
are: Matthews correlation coefficient, precision, sensitivity and specificity.
MCC is a single performance measure that can be used in machine learning as a
measure of the quality of binary classifications. It is regarded as a balanced measure
which can be utilized even if the classes are of different sizes. It is a correlation
coefficient between observed and predicted binary classifications and depending on
how well the model is a value between −1 and +1 is returned. A coefficient of
+1 indicates a perfect prediction, −1 worst possible prediction and 0 indicates that
the model performs randomly (Bekkar, Djemaa, Alitouche, 2013). Mathematically,
using the same notions as (2.1), it is defined as:
C+ C− − W + W −
.
M CC = p
(C+ + W+ )(C+ + W− )(C− + W+ )(C− + W− )

(2.2)

As can be noted from (2.2), the case where only one class label is predicted yields
infinity. In this study this case will be assigned a value of 0, since it is undesired.
Precision, P , measures how many out of all positively classified examples that were
correctly classified.
P =

C+
C+ + W−

∈ [0, 1].

(2.3)

Sensitivity, S, (also called Recall) measures how many examples of the positive class

Abo Al Ahad, G. & Salami, A.

16

Soft Margin Classifiers for Predicting the Sign of Return on Financial Assets

that were labeled correctly:
S=

C+
C+ + W +

∈ [0, 1].

(2.4)

Specificity, SPC, measures the accuracy of the negative class predictions. It approximates the probability of the negative label being true. In other words, Sensitivity
and Specificity assesses the effectiveness of the algorithm on the positive and negative class respectively. Mathematically specificity is defined as:
SP C =

C−
C− + W−

∈ [0, 1].

(2.5)

Precision, Sensitivity and Specificity will be used to evaluate the performance on
the validation set along with portfolio performance metrics. Using these metrics, it
is possible to depict how well the models captures the positive and negative class
respectively. They will also be used to investigate if the models have predicted only
one of the class labels. A well performing model will consequently simultaneously
have values close to 1 on all metrics described above. A poorly performing model
will have values close to 0 on all metrics except MCC which would have a value close
to -1.
An important part of the developed process is how to select the model that is believed to perform the best in each validation. This information should solely be
based on information obtained in the cross-validation. In this study we will investigate three different metrics to choose models on. The first of the three is selecting
a model based on a M CCscore , which falls natural since the models are optimized
using that metric. The M CCscore is calculated by taking the mean of the crossvalidation results, both in-sample and out-of-sample, and subtracting the standard
deviation of the same. A similar metric will be investigated but using accuracy as
base metric. The third and final score uses the mean of all above mentioned metrics in the cross-validation, both in-sample and out-of-sample, and subtracts their
respective standard deviation. The best performing model is defined as the model
with highest score for all of these three scoring metrics. The method of these that
shows the best performance over time is chosen as model selection method in the
final process.
Further, after having tuned each kernel for each base learner, the resulting models
will be tested against a basic strategy for statistical significance. The basic strategy is to measure the historical percentage of positive and negative returns, p+ and
p− respectively, and based on that randomly guess the same proportion positive
and negative returns of the total number of validation samples. This is done 1000
times and then the equally weighted performance of those predictions are evaluated
against the prediction series of the models. A satisfactory or statistical significant
performance at a significance level of 5% is reached if the models’ performance is
better than 95% of predictions made by the basic strategy.
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2.1.2

Portfolio Performance Measures

On the other hand, the measurements that follows will be used to measure if a trading strategy based on the output of the algorithms performs well. Only the best
performing kernel for each model will be used for simulated trading and evaluated
against the measures below. A basic strategy that will be tested is that if the SVM
models have predicted that the market will have a positive sign of return one month
ahead, a long position (i.e. a buy position) will be taken. Conversely, if negative
sign of return is predicted, a short position (i.e. borrow and sell the underlying
asset) is entered. Similarly for the RVM, the sign of return that is most likely the
coming month will indicate what position to take. If the prediction ends up in a
50/50 situation, the same position as previous month is kept.
The Sharpe ratio is a widely used method for calculating the risk-adjusted return
where risk is measured by volatility. In portfolio management, one objective out of
many is to strive for a high Sharpe ratio. It indicates that a portfolio pays out well
for the risk taken. The mathematical definition of the Sharpe ratio is as follows:
Sp,Sharpe =

rp − rf
,
σp

(2.6)

where rp is the expected portfolio return, rf is the risk-free rate and σp is the portfolio standard deviation. The Sharpe ratio works well when the assets’ returns follow
a normal distribution.
Sortino ratio is another risk-adjusted return metric that differentiates harmful volatility from total overall volatility. Harmful volatility is the standard deviation of negative asset returns and is called downside deviation. The mathematical definition is
not very different from (2.6):
Sp,Sortino =

rp − rf
,
σdp

(2.7)

where rp is the expected portfolio return, rf is the risk-free rate and σdp is the
standard deviation of the downside returns of the portfolio. Downside deviation is
a measurement of the downside risk of a portfolio by measuring the deviation of
returns that falls below some minimum acceptable threshold. Similarly to the case
of the Sharpe ratio, it is desired to have as high Sortino ratio as possible.
The Calmar ratio is a performance measurement that is used to measure the risk
effectiveness of a portfolio. It is calculated by dividing the average annual rate of
return of a portfolio, generally over a three year period, by the maximum drawdown
of the portfolio during the period.

CR =

rp
,
|M Dp |

(2.8)

Where rp is the expected annualized portfolio return and M Dp is the maximum
drawdown of the portfolio. The maximum drawdown is defined as the maximum
loss from the peak value of the portfolio, calculated by subtracting the lowest value
from the peak value and dividing it by the peak value. Like the Sharpe-ratio, a high
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Calmar ratio is of interest as it indicates that the portfolio return has not been at
risk of large drawdowns.
In all calculations, log returns are used and all the above mentioned metrics will
be individually analyzed on the test set for each time period and best performing
model in the walk-forward procedure. Moreover, a statistical significance test will
be made on Jensen’s alpha. Jensen’s alpha measures the risk-adjusted returns of a
portfolio against those of a benchmark. A benchmark is a standard against which
the performance of a security, portfolio or mutual fund is compared. The models’ portfolio returns will be evaluated against the benchmark index S&P500 and
satisfactory performance is reached when Jensen’s alpha is greater than zero and
statistical significant at a significance level of 5% in a t-test. The t-test is a statistical hypothesis test that in this case is used to find out whether there is enough
evidence in the data to reject the null hypothesis, that the mean of alpha is zero.
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Chapter 3
Theoretical Framework
In this chapter, the theory needed to conduct the study is presented. The chapter
is divided as follows, in the first section the feature extraction method is presented
followed by a description of the kernelization principle and kernel methods used to
predict market sign of return. Furthermore, methods regarding parameter tuning
are presented and finally the theory necessary to comprehend the evaluation of the
models are established.

3.1

Principal Component Analysis

If the SVM, or similar classifier, is adopted without feature selection, then the dimension of the input space is usually large and potentially filled with redundant
variables and noise, lowering the performance and increasing the computational
challenge of the classifier. Thus, the classifier requires an efficient and robust feature selection method that discards noisy, irrelevant and redundant data, while still
retaining the discriminating power of the data. Features extracted from the original data are adopted as inputs to the classifiers in the SVM. Principal Component
Analysis (PCA) is a commonly used tool within quantitative finance for this purpose
(Lin et al., 2007).
To reduce the dimensionality of the datasets PCA can be applied. PCA is a method
where data is orthogonalize in components with zero correlation. This is achieved
by a singular value breakdown of the covariance matrix of the data from which a
set of uncorrelated factors can be calculated. Since the covariance matrix created,
in the case of this time series, is square, symmetrical and positive definite the result
becomes a division into matrices with orthogonal eigenvectors and positive eigenvalues respectively according to (3.4). The decomposition can be expressed as the
following: (Jolliffel & Cadima, 2016)

D = diag(λ1 , . . . , λn ),

(3.1)

Q = (qq 1 , . . . , q n ),

(3.2)

Q−1 = QT ,

(3.3)
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C = QDQ

−1

T

= QDQ =

n
X

λiq iq Ti ,

(3.4)

i=1

where λi and q i are eigenvalue and eigenvector pairs, C is the covariance matrix, Q
an orthogonal matrix with eigenvectors and D a diagonal matrix with corresponding
eigenvalues. (Ibid.)
Each eigenvector qi describes a type of change in the underlying data. Calculations become very time consuming to perform since the data is very extensive. To
solve this problem a low-level approximation of the result from (3.4) is performed
to obtain a significant reduction of data. This is made on the assumption that the
dimension of covariance matrix, C, is m and the content of the matrices D and
Q are arranged in descending order. The eigenvectors (columns) should follow the
order of the eigenvalues. (Ibid.)
The low-level approximation will thus make it possible to only utilize the first k
eigenvectors calculated from the covariance matrix according to 3.5, instead of the
n originally used according to (3.5). k is determined in such way so that the majority
of the variance is captured as (Ibid.)
C≈

k
X

λiq iq Ti ,

k < n,

(3.5)

i=1

Pk
λi
100 · Pni=1 .
i=1 λi

3.2

(3.6)

Kernelization in Kernel Methods

Kernel methods such as SVM or Kernel PCA (KPCA) employ a potentially nonlinear
feature mapping (Chalup & Mitchell, 2008)
φ : X −→ H

(3.7)

from an input space X = Rd , to a possibly infinite-dimensional space H. The
feature map φ takes a potential nonlinear task in X to H where a satisfactory
solution is sought through traditional linear tools. The idea in kernel methods is
that the feature map φ, which generally not much is known about, only appears
implicitly and does not need to be explicitly calculated. Central to these methods
is a continuous and symmetric function, (Ibid.)
K : X × X −→ R

(3.8)

which can be interpreted as a similarity measure between inputs. Mercer’s condition
states that if K is positive semi-definite then there exists a feature mapping φ as in
(3.7) from X into a Hilbert space H (a complete metric inner product space) such
that K is a Mercer kernel function. That is, it can be written as the dot product of
the mapping of two input vectors: (Ibid.)
xi , x j ) = φ(x
xi )T φ(x
xj )
K(x

for

i, j ∈ {1, . . . , k}.
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It may, at first glance seem counter intuitive to take the lower dimensional problem to a higher dimensional feature space only to calculate the dot product scalar
value. But as can be interpreted from (3.8) and (3.9), the mapping never explicitly
needs to be calculated provided an appropriate kernel. It is instead calculated by a
simpler kernel function calculation as those seen in table 2.1. Further the similarity
measure characteristic of the kernel function stems from the dot product between
xi )
the feature map of two vectors. Since the dot product between two vectors φ(x
xj ) resembles the projection of φ(x
xi ) onto φ(x
xj ), the closer their angles are
and φ(x
the higher this value becomes. The value of the dot product between the two vectors
is bounded by the product of both vectors’ magnitude. Conversely, if the angle is
greater than or equal to 90◦ , that is they are dissimilar, then this value becomes
xi ) kk φ(x
xj ) k. This follows the
less than or equal to 0 with a lower bound of − k φ(x
definition of a similarity measure. (Belanche & Orozco, 2011)
The kernelization of all kernel methods, such as dimensionality reduction in KPCA,
regressional SVM or classification, is achieved by seeking a formulation of the algorithms main problem where the input features appear as dot products, x Ti x j .
Thereafter, by formally replacing all the input features, x i with their respective
xi ) and applying (3.9) given that K is a Mercer’s kernel, a kerfeature mapping, φ(x
nel method is achieved. Replacing the dot product by the kernel function is often
referred to as the Kernel trick. (Chalup & Mitchell, 2008)

3.2.1

Kernels

In practice, the kernel K is usually defined directly, thus implicitly defining the map
φ and the feature space F. It therefore brings the advantage of being able to design
new kernels. A kernel must fulfill a few properties which stems from properties in
the space which the features reside. Firstly, from the symmetry of the inner product,
a kernel must be symmetric: (Genton, 2001)
xi , x j ) = K(x
xj , x i ) ∀ i, j.
K(x
Secondly, it must also satisfy the Cauchy-Schwartz inequality:
xi , x j ) ≤ K(x
xi , x i )K(x
xj , x j ) ∀ i, j.
K 2 (x
However, this does not ensure the existence of a feature space. Mercer (1909) showed
xi , x j ) to be a
that a necessary and sufficient condition for a symmetric function K(x
kernel is that it be positive definite. This means that for any set of examples x 1 ,...,
x l and any set of real numbers c1 ,...,cl , the function K must satisfy: (Ibid.)
l X
l
X

xi , x j ) ≥ 0.
ci cl K(x

i=1 j=1

In the statistics literature, symmetric positive definite functions are called covariances. Thus, kernels are essentially covariances. Since positive definite functions
have pleasant algebra, it is simple to create new kernels from existing kernels. For
instance, by adding och multiplying two or more kernels a new kernel is obtained
with the same basic properties. (Ibid.)
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Genton (2001), describe several classes of kernels that can be used for machine
learning: stationary, locally stationary, nonstationary and separable nonstationary.
Each class has its own particular properties.
3.2.1.1

Stationary Kernels

A stationary kernel is a kernel that is translation invariant:
xi , x j ) = KS (x
xi − x j ),
K(x
that is, it depends only on the difference vector separating the two examples x i and
x j , but not on the examples themselves. Such a kernel is referred to as anisotropic
stationary kernel, to remark the dependence on both the direction and the length
of the difference vector. (Ibid.)
Many stationary kernels can be constructed from their spectral representation. A
xi − xj ) positive definite in Rd if and only if it has the form:
stationary kernel KS (x
(Ibid.)
Z

xi − x j ) =
xi − x j ) F (dw),
KS (x
cos w T (x
(3.10)
Rd

where F is a positive finite measure. Note that (3.10) is the Fourier transform of F .
The quantity F/KS (0) is the spectral distribution function. (Ibid.)
When a stationary kernel depends only on the norm of the difference between two
feature vectors, it is referred to as isotropic (or homogeneous), and is thus only
dependent on the magnitude of the difference between the two feature vectors and
not the direction: (Ibid.)

x i , x j ) = KI k x i − x j k .
K(x
The spectral representation of isotropic stationary kernels is different from the spectral representation of anisotropic stationary kernels: (Genton, 2001)
Z ∞


w ),
KI k x i − x j k =
Ωd w(k x i − x j k) F (dw
(3.11)
0

where
 2 (d−2)/2  d 
Γ
J(d−2)/2 (x).
x
2
Here F is any nondecreasing function, Γ(·) is the gamma function, and Jν (·) is the
Bessel function of order ν. Some examples of Ωd are Ω1 (x) = cos(x), Ω2 (x) = J0 (x)
and Ω3 (x) = sin(x)/x. By choosing a nondecreasing bounded function F (or its
derivative f) the corresponding kernel from (3.11) can be derived. For instance in
R1 i.e. d = 1, with the spectral density function f (w) = (1 − cos(w))/(πw2 ), the
triangular kernel is derived: (Ibid.)
Ωd (x) =
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Z
KI (xi − xj ) =

∞

cos(w|xi − xj |)
0

1 − cos(w)
dw
πw2

(3.12)

1
= max(0, (1 − |xi − xj |)).
2
It is important to remark that a stationary kernel obtained with Ωd is positive
definite in Rd and lower dimensions, but not necessarily in higher dimensions. From
(3.11) it can be derived that an isotropic stationary kernel has a lower bound: (Ibid.)

KI k x i − x j k /KI (0) ≥ inf Ωd (x),

(3.13)

x≥0

yielding that:

KI k x i − x j k /KI (0) ≥ −1

KI k x i − x j k /KI (0) ≥ −0.403

KI k x i − x j k /KI (0) ≥ −0.218

KI k x i − x j k /KI (0) ≥ 0

in R1
in R2
in R3
in R∞ .

When d −→ ∞ the basis Ωd (x) −→ exp(−x2 ). From (3.13) it can be realized that
not all kernel functions derived from (3.11) are positive definite. Isotropic stationary
kernels that are positive definite form a nested family of subspaces. Meaning that
if βd is the class of positive definite functions in the form given by (3.11) then the
classes for all d have the property: (Ibid.)
β1 ⊃ β2 ⊃ . . . ⊃ βd ⊃ . . . ⊃ β∞ ,
so that as d is increased, the number of available positive definite functions is reduced. Only functions with exp(−x2 ) are contained in all classes. (Ibid.)
From (3.11) many isotropic stationary kernel functions can be constructed. Some of
the most commonly used are the circular, spherical, rational quadratic, exponential,
Gaussian and the wave kernel. The circular kernel is positive definite in R2 , the
spherical and the wave kernel are positive definite in R3 , while the rest are positive
definite in Rd . (Ibid.)
The circular and spherical kernels have compact support meaning that they are a
compact set. These can be called compactly supported kernels. This type of kernels can be advantageous from a computational perspective in certain applications
dealing with massive data sets, because the corresponding Gram matrix, G, with
xi , x j ) as its ij-th element, will be sparse. Further, they have a linear behavior
K(x
at the origin, which is also true for the exponential kernel. The rational quadratic,
Gaussian, and wave kernels have a parabolic behavior at the origin. This indicates
a different degree of smoothness for different kernels. (Ibid.)
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3.2.1.2

Nonstationary Kernels

Nonstationary kernels is the most general class of kernels. These depend explicitly
on the two samples x i and x j , such as the polynomial kernel of degree d with bias
m: (Ibid.)
xi , x j ) = (x
xTi x j + m)d .
K(x
xi , x j ) is positive definite in Rd if and only if it has the
A nonstationary kernel K(x
form: (Ibid.)
Z Z

xi , x j ) =
w 1 , dw
w 2 ),
K(x
cos w T1 x i − w T2 x j F (dw
(3.14)
Rd

Rd

where F is a positive bounded symmetric measure. When w 1 = w 2 , (3.14) reduces
to the spectral representation of anisotropic kernel functions in (3.10). From (3.14)
many nonstationary kernels can be obtained. Of interest are nonstationary kernels
obtained the equation with w 1 = w 2 but with a density that has a singularity
around the origin. Such kernels are referred to as generalized kernels. For instance,
w) =
the Brownian motion generalized kernel corresponds to a spectral density f (w
2
1/ k w k . (Genton, 2001)
3.2.1.3

Multivariate Dynamic Kernels for Time Series

Kernels for time series can be developed using two approaches: Structural similarity
and model similarity. Structural similarity aims to find an alignment of the data
that allows the comparison between series. Model similarity modifies the structure
of the data by constructing a higher level representation of it and using this new
representation the comparison can be made. (Fábregues et al., 2017)
Fábregues et al., (2017) forecasted the sign of return of the equity premium of S&P
500 including dividends using multivariate dynamic kernels for time series. They
also combined the kernels using the multiple kernel learning algorithm EasyMKL
(Fábregues et al., 2017). Two kernels that showed good performance in particular
were kernels of the family Multivariate Dynamic Arc-Cosine Kernels (MDARC).
These have several interesting properties, due to their construction being related to
neural networks with an infinite hidden layer (Cho & Saul, 2009). Their respective
mathematical definition can be seen in section 4.2.

3.3

Vector Machine Methods

Below an explanation of the SVM model is provided followed by different techniques
utilizing the principals of support vector machines. Further, earlier research and
insights on these techniques are mentioned along with their relation to this study.

3.3.1

Support Vector Machines

The evolution of SVMs has been strong during the last decade where one can observe
many variations and improvements to the algorithm. Different approaches have been
studied where the ambition has been to investigate how the models’ computational
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efficiency, robustness, accuracy and performance in general can be improved and
many variants have been presented throughout the years.
The idea of binary classification SVMs is to successfully map the input space into
a high-dimensional feature space where the goal is to construct an optimal separating hyperplane for the given dataset. The support vectors are the data points
that lie closest to the hyperplane (decision surface) and the width between support
vectors from different classes is maximized in order to achieve an optimal separating
hyperplane of the data classes, positive and negative returns. Two types of SVM
models were developed during the early stages of the development of optimal training algorithms, namely, the hard margin SVM (HM-SVM) and soft margin SVM
(SM-SVM). The HM-SVM was first introduced by Boser et al. (1992) as a training
algorithm for optimal margin classification. The algorithm is based on achieving a
perfect fitting model for the given dataset by accepting no errors in the training set.
Thus, a dataset that is completely linearly separable i.e. no noise is present, will be
handled well by a HM-SVM. However, forcing rigid margins can result in a model
that performs greatly in the training set, but is exposed to overfitting when applied
to a new dataset. (Bo, L., Wang, L. & Jiao, L., 2008)
SM-SVMs, which are the keystone of all vector machines studied and presented in
this study, was introduced as an extension to the HM-SVM by Vapnik, V. & Cortes,
C. (1995) in order to avoid overfitting for nonlinear datasets. To deal with this
problem, noise in the dataset is accepted to a certain amount by introducing a regularization parameter often denoted as C. The goal is to minimize the amount of
errors while fitting the model (support vectors) to the training/validation dataset.
(Vapnik & Cortes, 1995)
The datasets that the models of this study are subject to contains noise i.e. they are
nonlinear which requires nonlinear mapping. This can be accomplished by transforming the original data (input) to a higher dimensional feature space with kernel
functions, through the Kernel trick. This will be presented in a later stage below.
The construction of the hyperplane is based on a set of conditions that must be
satisfied. In what follows boldface x denotes a vector with components which in this
thesis are values from each feature included in the study (features that were used in
this study can be observed in table 6.1). The notation x i denotes the ith vector in a
dataset and yi is the label associated with x i . Assume two finite subsets of vectors
x from the training set with the amount of observations, l, and features, n, with
corresponding labels y : (Ben-Hur & Weston, 2009)
(y1 , x 1 ), ..., (yl , x l ),

x ∈ Rn ,

y ∈ [−1, 1],

(3.15)

where


x 1 = x1,1 x1,2 . . . x1,n .

(3.16)

An example of how the one row in the matrix x looks like is given by (3.16) where
it can be seen that it contains values from each feature from the first time period
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of the dataset. These features are then used by the algorithm together with already
known y labels (sign of the return), to train the algorithm. Then for a new observation x l+1 , yl+1 is predicted. Next time a new observation, x l+2 is available, two
possibilities for prediction arise. The first is that yl+2 can be predicted using the
already constructed hyperplane in training with x and y . The second alternative is
to add the previous sample x l+1 to the training set, x , reconstruct the hyperplane
and then predict yl+2 using x l+2 . A monthly time resolution is used for the datasets
in this study, thus one label will be generated for each month. The SVM is a binary
classification algorithm where the label y = 1 in the case of this thesis a positive
market return, while y = −1 indicates a negative market return one month ahead.
In the HM-SVM case, once the labels are generated, subset I for which y = 1, and
subset II for which y = −1 are separable by the hyperplane (Ben-Hur & Weston,
2009)
w T x + b = 0,

(3.17)

where w is a nonzero weight vector, one for each feature whose linear combinations
predicts the value of y and corresponds to the support vectors, while b is the hyperplane bias. The bias term translates the hyperplane away from the origin. The
separating hyperplane resulting from 3.17 will go through the origin if b = 0. The
decision rules that constitutes the hyperplane is defined as (Ibid.)
w T x i + b ≥ 1,
w T x i + b ≤ −1,

if yi = 1

(3.18)

if yi = −1

(3.19)

Given a plane containing data points according to figure 4.5, the location of hyperplane is determined by the data points that lie closest to (3.17), known as the
support vectors. The margin of the hyperplane is defined by d− (the shortest distance to the closest negative point) and d+ (the shortest distance to the closest
positive point). Samples outside of the positive margin boundary of the hyperplane
will have a value larger than 1 and thus belong to the positive class and samples outside of the negative margin boundary will have a value smaller than -1 and belong to
the negative class. Classification of new data points during the process will depend
on (3.17) where data points with a value higher than zero will fall into the positive
class and those with a negative value will belong to the negative class. Those that
falls on the median of the margin, i.e. on (3.17) are not classifiable and will be
disregarded by the model. (Ibid.)
The decision rules (3.18) and (3.19) can be simplified to the equivalent form
w T x i + b) ≥ 1,
yi (w

i = 1, . . . , l.

(3.20)

The goal is to maximize the width of the margin. As previously mentioned the
margin of the hyperplane is determined by d− and d+ . Assuming that a vector w
exists in the plane, √
the norm of the vector denoted by k w k is its length which
in turn is given by w T w . Furthermore, a unit vector w unit in the direction of w
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Figure 3.1: Hyperplane example.
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w
is given by kw
w k and has k w unit k= 1. The margin of a hyperplane, Hp , can after
geometric considerations be derived to (Ibid.)

1
mHp = w Tunit (d+ − d− ).
(3.21)
2
Considering (3.18), (3.19) and assuming that d+ and d− are equidistant from the
decision boundary following decision rules are acquired (Ibid.)
Hp = w T d + + b = a

(3.22)

Hp = w T d − + b = −a

(3.23)

for some constant a > 0. Let a = 1 since the classification is based on labels that
are either -1 or 1, extracting d− and d+ from (3.22) and (3.23), inserted in (3.21)
and finally dividing by k w k yields (Ibid.)
1
1
mHp = w Tunit (d+ − d− ) =
2
kw k

(3.24)

A convenient modification is made where k w k2 is minimized instead in the quadratic
optimization problem in order to obtain maximum width according to (minimizing
k w k2 is equivalent to maximizing the geometric margin kww1 k ) (Ibid.)
1
k w k2
w ,b
2
w T x i + b) ≥ 1,
subject to yi (w
minimize

(3.25)
i = 1, . . . , l.

In SM-SVM, a relaxation of the constraints in (3.25) is made for non-separable data
by introducing a regularization parameter also known as the soft margin constant,
C and slack variables, ξi . The constant C plays a crucial role in SVMs as the goal
is to achieve a hyperplane that correctly separates as many instances as possible.
How well the optimizer separates the instances depends on the margin of the hyperplane. C affects the margin by generating a smaller-margin hyperplane for large
values while a larger-margin hyperplane is constructed for smaller values which can
be observed in figure 3.2. (Ibid.)
The slack variables, ξi , defines the amount by which the points falls within the
margin on the correct side of the separating hyperplane see figure 3.3. This way a
training point is allowed to be within the margin (called margin violation). A value
of 0 ≤ ξi ≤ 1 indicates that a point is on or within the margin at the right side of
the hyperplane, while a slack variable larger than 1, ξi > 1, indicates that the point
is at the wrong side of the plane and consequently is misclassified. (Ibid.)
As it is observed from above the tuning of C plays a major part in the classification
ability of the SVMs. It sets the relative importance of maximizing the margin and
minimizing the amount of slack by combining those two factors. A low value of C
will contribute to a larger amount of misclassifications, since it will cause the optimizer to look for a larger margin hyperplane even if that hyperplane misclassifies
more points. (Ibid.)
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Figure 3.2: Regularization parameter example.

Figure 3.3: Slack variable example.
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Since an observation is misclassified if ξi > 1, the bound on the number of misclassifications can be calculated as (Ibid.)
l
X

(3.26)

ξi .

i=1

Finally, combining the above relaxations with (3.25) represents the SM-SVM, expressed as: (Ibid.)
l

minimize
w ,b

X
1
k w k2 +C
ξi
2
i=1

(3.27)

w T x i + b) ≥ 1 − ξi ,
subject to yi (w

ξi ≥ 0,

i = 1, . . . , l.

Since this is a constrained quadratic optimization problem, one can solve the problem
in the dual space, the space of Lagrange multipliers. The solution is obtained by
finding the saddle point of the Lagrange function (Ibid.)
l
l
l
X
X
X
1
w , ξ, b, α , β, C) = k w k2 +C
w T x i +b)−1+ξi )−
L(w
ξi −
αi (yi (w
βi ξi (3.28)
2
i=1
i=1
i=1

where αi , βi ≥ 0 are the Lagrange multipliers. (Ibid.)
w , ξ, b, α) with
In order to find the dual form of the problem a maximization of L(w
w
respect to , ξ and b (for fixed α) is made where the derivatives of L with respect
to w , ξ and b are set to zero. (Ibid.)
w , ξ, b, α , β, C) = w −
∇w L(w

l
X

yi αix i = 0 ⇐⇒ w =

i=1

l
X

yi αix i ,

(3.29)

i=1
l

w , ξ, b, α , β, C) X
∂L(w
=
yi αi = 0.
∂b
i=1

(3.30)

w , ξ, b, α , β, C) = C − αi − βi = 0
∇ξi L(w

(3.31)

and

Substituting (3.29), (3.30) and (3.31) into (3.28) one obtains follow objective function
w , ξ, b, α , β, C) =
L(w

l
X
i=1

l

l

1 XX
yi yj αi αj x Ti x j .
αi −
2 i=1 j=1

(3.32)

The optimal hyperplane is obtained by finding the nonzero coefficients, αi , that
maximizes the objective function (3.32) in the nonnegative quadrant. Furthermore,
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since nonzero values, αi , corresponds to only the vectors x i in (3.20) which are the
support vectors, the equation (3.30) defines the optimal hyperplane. (Ibid.)
maximize
α

w , ξ, b, α , β, C) =
L(w

l
X
i=1

subject to 0 ≤ αi ≤ C,

l
X

l

l

1 XX
αi −
yi yj αi αj x Ti x j .
2 i=1 j=1

αi yi = 0,

(3.33)

i = 1, . . . , l

i=1

The dual formulation leads to an expression of the weight vector expressed in terms
of the input variables, as seen in (3.29), which can be used to find the optimal value
of w in terms of the optimal α . (Ibid.)
Finally, the decision boundary has the form (Ibid.)
x, α ) = sign
y(x

l
X

!
xix ) + b0 ,
yi αi (x

(3.34)

i=1

where sign(·) is the signum function, b0 is a threshold chosen to maximize the marxi · x ) is the inner product of the training data observation x i and another
gin and (x
observation (either in-sample or out-of-sample observation), x to be classified. It is
important to notice that the separating hyperplane (3.34) and the objective function
(3.33) do not explicitly depend on the dimensionality of the vector x but only on
the inner product of the two vectors. (Ibid.)
In the case of carrying out a classification with small sample size data with high
dimensionality, side-effects could arise that significantly bias the estimated performance of the SVM (Klement, Mamlouk & Martinetz, 2008).
3.3.1.1

Kernel methods and the decision function

A kernel method is an algorithm that only depends on the data generated through
dot-products. When this is the case, the dot product can be replaced by a kernel
function which computes the dot product in some possibly high dimensional feature space as explained in section 3.2. The idea with transforming into a higher
dimensional feature space, is that a better separation between classes can possibly
be achieved in that space. (Vapnik, 1998).
The Hilbert-Schmidt theory approach can be applied in order to show the concept
of kernel functions. (Ibid.)
Consider the feature vectors x ∈ Rn and a mapping function φ that is unknown.
x), . . . , φn (x
x), . . ..
The vectors are mapped into a Hilbert space as the coordinates φ1 (x
According to the Hilbert-Schmidt theory the inner product of the mapping functions
has the following representation (Ibid.)
(φ1 ∗ φ2 ) =

∞
X

x1 )φr (x
x2 ) ←→ K(x
x1 , x 2 ),
ar φr (x

ar ≥ 0,

(3.35)

r=1
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x1 , x 2 ) is a symmetric kernel function satisfying Mercer’s condition. (Ibid.)
Where K(x
Since (3.35) only depends on the dot product of the pairs of samples x given a mapping function, finding a kernel function that performs the dot product in a higher
dimensional feature space can replace the dot product without explicitly computing
the mapping φ. SVMs with kernel function are often referred to as kernel methods
due to this ability. (Ibid.)
The representation given by (3.35) in the Hilbert space shows that for any kernel
x1 , x 2 ), satisfying Mercer’s condition there exists a feature space where
function, K(x
the kernel function generates the inner product. Having the kernel function, (3.34)
can be rewritten to (Ibid.)
!
X
0
0
x, α ) = sign
x, x i ) + b
y(x
yi αi K(x
(3.36)
α >0

where the inner product is defined by the kernel and the sum is performed over the
amount of support vectors identified. (Ibid.)

3.3.2

Fuzzy Support Vector Machines

Zhang (1999) explain that since the classifier obtained by SVM depends on only
a small part of the samples, it is very easy for it to become sensitive to noise or
outliers in the training dataset. The outliers tend to be support vectors with large
Lagrangian coefficients (Boser, Guyon, & Vapnik, 1992). This problem stems from
the assumption that each data point in the training set has equal importance or
weight. Many real-world classification problems, and especially financial time series, are prone to outliers or noise. The implications of this on the SVM model is
that data points near the margin may either belong to one class or just be noise
points. To overcome this uncertainty problem several SVM variants have been proposed, including the Fuzzy SVM (FSVM) (Lin & Wang, 2002), FSVM to evaluate
credit risk (Wang, Wang & Lai, 2005), the prior knowledge SVM (Wang, Xue &
Chan, 2004), the posterior probability SVM (Tao et al., 2005), and the soft SVM
(Liu & Zheng, 2007), among others. Each model differs slightly from the others
in formulation, but they all share the basic idea of assigning a different weight for
a different data point. Although these variants are useful in noisy conditions, the
downside of all except the first mentioned, is that they assume some domain-specific
knowledge and that the weights are known or is calculated easily using that information (Heo & Gader, 2009).
Lin & Wang (2004), Jiang, Yi & Cheng Lv (2006) and Shilton & Lai (2007) all propose methods for estimating the weights based solely on the data. Their variation
of the FSVM are refered to as heuristic function FSVM (H-FSVM), FSVM in the
feature space (FSVM-F), iterative FSVM (I-FSVM), respectively. All of them are
based on the FSVM and introduce their own measures of outlierness. The downside
of the previously mentioned methods is that their measure is based on the assumption of a compact data distribution (Heo & Gader, 2009). The basic concept of
FSVM is to allocate a small active or passive confident membership to each input
sample based on the amount of noise it has based on its respective metric, to reduce
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its influence on the optimization (Gao et al., 2015).
The optimal hyper-plane problem of FSVM can be regarded as the solution to a
modified objective function of the SVM:
l

minimize
w ,b

X
1
k w k2 +C
ui ξi ,
2
i=1

w T x i + b) ≥ 1 − ξi ,
subject to yi (w
ξi ≥ 0,

(3.37)
i = 1, . . . , l.
i = 1, . . . , l.

where ui is the returned value from the membership function which will be discussed
in a later stage, ξi is as previously stated slack variables used to measure the amount
by which the data points falls within the margin on the correct side of the separating
hyperplane (see figure 3.3) and C is the regularization term.
The FSVM introduced by Lin & Wang (2002) measures outlierness based on the euclidean distance of each input point to its class center. A problem with this approach
is that it could lead to a misrepresentation of its membership when the training data
is not spherical in the input space. To improve on this problem Jiang et al. (2006)
proposed a kernelized version of the euclidean distance FSVM, called FSVM-F here.
The FSVM-F does not assume spherical data distribution in the input space but in
the feature space. Consequently, it may produce good results when the distribution
is spherical in the feature space.
Lin & Wang (2004), proposed another membership calculation method using kernel
target alignment. Kernel target alignment is an algorithm for measuring the degree
of agreement between a kernel and target values. In this method, a heuristic function derived from kernel target alignment is used to calculate the alignment between
a data vector and the label for that vector. This method also assumes a circular
distribution of the data because the outlierness is based on the Euclidean distance
in the feature space. Other shortcomings with this method is that the value from
the heuristic function can be positive and negative and the bound is dependent on
the number of data points and the kernel function. Its membership function also
have 4 free parameters which makes it difficult to optimize.
Shilton & Lai (2007) proposed a method based on the slack variable ξi . The slack
variable is a measure of the distance of the data point to the decision hyperplane.
Since the slack variable is calculated using the data and the membership function
is a function of the slack variable, this becomes an iterative process incorporating
ui = h(ξi ) and obtaining new slack variables, ξi each iteration. This is why it is
called iterative FSVM. The process can be iterated a fixed number of times or until
the membership vector converges. Further, sech(ξ) is a strictly decreasing function
satisfying the following:
lim h(ξ) = 1

ξ−→0+

0 < h(ξ) ≤ 1,

(3.38)
∀ξ ≥0
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Shilton & Lai (2007) used
2e−ξi
(3.39)
1 + e−2ξi
as membership function. This method does not assume any distribution of data
and establishes that points far from the decision boundary are less important in
constructing the boundary. The disadvantage of this method also arises from this
construction. Although the points adjacent to the boundary are important, the
large membership values of these points could make the boundary over-fitted to the
points and result in poor generalization. The increase in error rate as the number
of iterations increases clearly shows the effect of the downside.
ui = sech(ξi ) =

Heo & Gader (2009) proposed FSVM for noisy data (FSVM-N) for calculating
membership values based on the reconstruction error using PCA. The idea behind
this approach is that PCA is used to smooth the data by removing noise, hence the
reconstruction becomes a reasonable measure of the ”fuzziness” of observed data.
The reconstruction error is the distance between an d dimensional observation vector
xi and its reconstruction using k(< d) principal components. The definition of the
reconstruction error is:
xi ) =k x i − WX WXT x i k2 ,
e(x

i = 1, . . . , l,

(3.40)

where X = x 1 , . . . , x l is a set of N samples and WX is a matrix containing k principal
components of a covariance matrix of X as columns. To deal with a non-compact
data distribution, their method utilize the kernel PCA as introduced by Schölkopf
xi )). The membership function
et al. (1996) to derive the reconstruction error, e(φ(x
is then defined as:
ui = exp (−

xi ))
e0 (φ(x
),
σl

(3.41)

xi ) is a mapped sample in the mapped space.
where σl is a free parameter and φ(x
The function e0 (·) conducts rescaling on e(·) and is defined as:
xi )) − µe
e(φ(x
),
(3.42)
σe
where µe and σe represent the reconstruction error mean and variance respectively.
The rescaling of the reconstruction error treats data points with an error less than
mean equally by assigning them a membership value of 1, while the rest of the data
points are normalized.
xi )) = max (0,
e0 (φ(x

The value of ui is representative of the degree of typical-ness, where a typical point
have small reconstruction error. As σl tends to infinity, the value on ui goes to 1
meaning that all points are treated equally and the model transforms to the original
soft margin SVM. Conversely, a small value would deem most points insignificant
in training. Consequently, this parameter should be selected with caution. Heo &
Gader (2009) used the grid search method (Hsu, Chang & Lin, 2008) to set the
value.
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3.3.3

Prior Knowledge SVM for financial time-series

It is well realized in the domain of machine learning that incorporating prior knowledge helps a learning machine achieve more accurate generalization, especially when
there are a few training samples (Mitchell, 1997; Wang, Xue & Chan, 2004). Cao
et al. (2003) proposed a procedure to incorporate prior knowledge to the regression
version of the SVM. Where, due to the non-stationarity of financial time series,
the dependency between input variables and target variables gradually changes over
time. Specifically, recent historical data usually provide more information than
the distant historical data. The proposed method incorporates this information by
assigning more weight to recent historical data. Cao et al. show that by incorporating this information the performance measured by the converged normalized mean
square error is improved. They also show that by assigning more weight to distant
past data than more recent data the performance is consistently poorer.
The regularization parameter, C, adopts a weight function instead of being a constant value (in the case of the conventional SVM) in their proposed method, Cascending Support Vector Machines (C-ASVM).
Ci = w(i)C

(3.43)

where w(i) is the weight function and satisfies w(i) > w(i − 1) ∀ i = 2, . . . , l. Tay
& Cao introduced two types of weight functions:

Linear: w(i) =

i
,
l(l + 1)/2

Exponential: w(i) =

1
,
1 + exp (a − 2ai/l)

(3.44)
(3.45)

where a > 0 is a constant. The behaviour of the exponential weight function is that
when a tends to 0, the function tends to 1/2 for all training points. This means all
training points are assigned equal importance. Secondly, when a is large then:

0, i < l/2,
lima−→∞ w(i) =
1, i ≥ l/2
This corresponds to running the regular SVM with only the half most recent samples deeming the rest useless. Thirdly, when increasing a in (0, ∞), the most distant
historical training points will become less important, asymptotically limited by a
weight of 0, while the more recent points becomes increasingly important, asymptotically limited by a weight of 1.

3.3.4

Twin Support Vector Machines

A fundamental condition of the SVM is the parallelism condition on the support
vectors that constitutes the hyperplane. Mangasarian & Wild (2006), examined
the effect of removing this condition in the article Multisurface Proximal Support
Vector Machine Classification via Generalized Eigenvalues by introducing a nonparallel plane classifier for binary data classification termed the Generalized Eigenvalue
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Proximal Support Vector Machine (GEPSVM). In the new approach, each of two
datasets are proximal to one of two distinct planes that are not parallel to each other
and each plane is generated such that it is closest to one of the two datasets and
as far as possible from the other dataset. Furthermore, the nonparallel proximal
planes are generated by eigenvectors corresponding to the smallest eigenvalues of
two related generalized eigenvalue problems: Gz = λHz and Lz = λM z, where G,
H, L and M are symmetric positive semidefinite matrices. The model managed to
show improvements in both correctness and computation time.
Following the idea of nonparallel proximal planes and staying in line with the standard SVM, Jayadeva et al. (2007), proposed a new model termed the Twin Support
Vector Machine (TSVM) for binary data classification. The fundamental difference between TSVMs and SVMs is the amount of quadratic programming problems
(QPPs) that has to be solved. The TSVM solves two smaller QPPs while the SVM
solves one larger, however, TSVMs are approximately four times faster than SVMs
while almost keeping identical level of accuracy as SVMs. This difference, and speed
superiority, arises due to the construction of the TSVM which is built by two nonparallel hyperplanes instead of one in the case of traditional SVMs (Jayadeva et al.,
2007)
x, X T )w
w + + b+ = 0 and K(x
x, X T )w
w − + b− = 0
K(x

(3.46)

x, X T ) is a kernel function and X T = [X+ X− ]T in which X+ , X− are mawhere K(x
trices representing data points belonging to classes 1 and -1 (positive and negative).
In order to construct the decision boundaries given by (3.46) following quadratic
optimization problems are set up (Ibid.)
1
w + + e + b+ k2 +C1e T−ξ−
k K(X+ , X T )w
w+ ,b+ ,ξ−
2
w + + e − b+ ) + ξ − ≥ e − , ξ − ≥ 0
subject to − (K(X− , X T )w

minimize

(3.47)

and
1
w − + e − b− k2 +C2e T+ξ+
k K(X− , X T )w
w− ,b− ,ξ+
2
w − + e + b− ) + ξ + ≥ e + , ξ + ≥ 0
subject to (K(X+ , X T )w
minimize

(3.48)

where C1 , C2 are regularization parameters, e + , e − are unit row vectors with dimensions equal to the sample sizes in the positive and negative classes and ξ + , ξ − are
vectors of slack variables for respective class. Solving the optimization problem in
pursuit of the weights of both classes, new labels y are generated from input samples
x by determining which plane it is closest to through (3.46). (Ibid.)
A direct consequence that arises due to the almost identical formulation of the
TSVM and SVM is that TSVMs inherits the noise sensitivity of the SVM (Gao et
al. 2015). New extensions of the TSVM have been developed such as Least square
TSVM, Robust TSVM, Laplacian smooth TSVM, Structural TSVM, KnowledgeBased TSVM etc. in order to improve the performance of the model.
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3.3.5

Fuzzy Twin Support Vector Machines

One of the recent approaches in the development of computationally efficient and
more performance powerful models is presented in the article A Fuzzy Twin Support
Vector Machine Algorithm by Li & MA (2013), where the authors propose a fuzzy
version of the TSVM termed as the Fuzzy Twin Support Vector Machine (FTSVM).
Since the primal problem of the TSVM is limited by noise deterioration, adding a
fuzzy membership value for each sample ensures minimal effect of noise, thus, enhances the classification accuracy and computation time.
By adding a fuzzy membership function, u i , the optimization problem of FTSVM
can be expressed as
1
1
w + + e + b+ k2 +C3u T−ξ−
C1 k w + k2 + k K(X+ , X T )w
w+ ,b+ ,ξ−
2
2
T
w + + e − b+ ) + ξ − ≥ e − , ξ − ≥ 0
subject to − (K(X− , X )w

(3.49)

1
1
w − + e − b− k2 +C4u T+ξ+
C2 k w − k2 + k K(X− , X T )w
w− ,b− ,ξ+
2
2
w − + e + b− ) + ξ + ≥ e + , ξ + ≥ 0
subject to (K(X+ , X T )w

(3.50)

minimize

and
minimize

where the goal is to construct the hyperplanes described by (3.46). The choice of
a fuzzy membership function is not limited to a specific standard. Li & Ma (2013)
compares the performance of the FTSVM against TSVM, FSVM and SVM which
shows that FTSVM has better classification accuracy and computation time than
the other models. It is also observed that the noise sensitivity of TSVM is greatly
reduced by adding a fuzzy membership function and thus plays an important role
in the classification.
Gao et al. (2015), presented an even more computationally efficient algorithm
in regards to the FTSVM in the article Coordinate Descent Fuzzy Twin Support
Vector Machine for Classification by utilizing the coordinate descent optimization
method. The proposed model, Coordinate Descent Fuzzy Twin Support Vector Machine (CDFTSVM), have shown improved accuracy and computation time when
compared to SVM, FSVM and TSVM in the nonlinear classification of datasets.
For the membership function, Gao et al. (2015) used a function that assumes a
spherical distribution of data and that bases its membership on the distance of a
point to its class center in the feature space. The calculations are identical for the
positive and negative.
The positive class center in the feature space, H, is defined as:
φ+cen

l+
1 X
xi ),
φ(x
=
l+ i=1

xi ∈ X +.

(3.51)

The hypersphere radius for the positive class is defined as:
xi ) − φ+cen k
r+ = max k φ(x

xi ∈ X +.
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With the above preparations, the membership function is given by:
p

2
xi ) − φ+cen k2 /(r+
µ(1
−
k φ(x
+ ρ),



xp
xi ) − φ−cen k
if k φ(x
i ) − φ+cen k≥k φ(x
u+i =
2

xi ) − φ+cen k2 /(r+
+ ρ),
(1 − µ)(1 − k φ(x


x
x
if k φ(x i ) − φ+cen k<k φ(x i ) − φ−cen k,

(3.53)

where ρ > 0 is a small constant controlling that the denominator does not become
xi ) is a mapped sample in the
zero, µ is a propose constant between [0, 1] and φ(x
mapped space.

3.3.6

Relevance Vector Machines

xn , tn }ln=1 , is assumed to be
A dataset of only scalar valued input-target pairs {x
sampled from the model with additive noise:
xn , w ) + n
tn = y(x

x, w ) =
y(x

M
X

x) = w T φ (x
x),
wi φi (x

(3.54)

(3.55)

i=1

where the output is a linearly-weighted sum of M, generally nonlinear and fixed, basis
x) = (φ1 (x
xn ), φ2 (x
xn ), ..., φM (x
xn ))T and n are independent samples from
functions φ (x
a Gaussian white noise process with zero mean and variance σ 2 . Hence, the standard
x) = N (tn |y(x
xn ), σ 2 ). The notation implies that it
probabilistic formulation is p(tn |x
xn ) and variance σ 2 . The
specifies a Gaussian distribution over tn with mean y(x
x, w ) is as defined for the SVM, where the general basis functions are
function y(x
x) ≡ K(x
x, x i ). The likelihood of the complete dataset
identified with the kernel: φi (x
can now, due to the assumption of independence of tn , be written as:


1
2
2
2 −N/2
w , σ ) = (2πσ )
Φw|| ,
(3.56)
p(tt|w
exp − 2 ||tt − Φw
2σ
φ(x
x1 ), φ (x
x2 ), ..., φ (x
xl )]T and φ (x
xi ) =
where t = (t1 , ..., tl )T , w = (w0 , ..., wl )T , Φ = [φ
T
xi , x 1 ), K(x
xi , x 2 ), ..., K(x
xi , x l )] . The implicit conditioning on the set of input
[1, K(x
xn }ln=1 is omitted now and forth for simplicity.
vectors {x
With as many parameters in the model as training examples, maximum likelihood
estimation of w and σ 2 could be expected to lead to severe over-fitting. A common
approach to avoiding this is to impose some additional constraint on the parameters, for instance, by adding a ’complexity’ penalty term to the likelihood or error
function. This is done by adopting a Bayesian perspective, that ’constrain’ the parameters by defining an explicit prior probability distribution over them.
Less complex (smoother) functions are encoded by choosing the Gaussian prior
distribution over w:
w |α
α) =
p(w

l
Y

N (wi |0, αi−1 ),

(3.57)

i=0
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where α is an vector of l +1 hyperparameters of which each element is independently
associated with a weight.
Next hyperpriors over α and a prior over the noise variance σ 2 are defined, creating
a scheme of a hierarchical prior. Since these quantities determines the statistical
dispersion of the probability distribution, they are examples of scale parameters, and
hence suitable priors over them are Gamma distributions (Berger, 1985; Tipping,
2001):

α) =
p(α

l
Y

Γ(αi |a, b),

i=0

p(β) = Γ(β|c, d),
where β = σ −2 and
Γ(α|a, b) = Γ(a)−1 ba αa−1 e−bα ,
with Γ(α) =

R∞

(3.58)

ta−1 e−t dt, being the gamma function. These priors are made non-

0

informative by fixing their parameters to small values: e.g. a = b = c = d = 10−4 .
Using this type of priors in a neural network (NN), individual hyperparameters
would typically control groups of weights associated with each input dimension x .
Given the data, using such a broad prior over the hyperparameters allows the posterior probability mass to favour very large values on some of the hyperparameters
and consequently making the posterior probability mass of associated weights to
concentrate around zero. This implies that the model deems these input as irrelevant.

3.3.6.1

Bayesian Inference

Having defined the prior, the posterior probability over all unknowns given the data
is derived through Bayesian inference from Bayes’ rule:
w , α, σ 2 )p(w
w , α, σ2 )
p(tt|w
w , α , σ |tt) =
.
p(w
p(tt)
2

(3.59)

Now, given a new test point x ∗ , predictions are made for the corresponding target
t∗ through the predictive distribution:
Z
w , α , σ 2 )p(w
w , α , σ 2 |tt)dw
w dα
αdσ 2 .
p(t∗ |tt) = p(t∗ |w
(3.60)
R
w , α , σ 2 )p(w
w , α , σ 2 )dw
w dα
αdσ 2 ,
Since the normalizing integral on the right-hand-side, p(tt) = p(tt|w
can not be computed in full analytically, an effective approximation must be sought.
Hence, the posterior is decomposed as:
w , α , σ 2 |tt) = p(w
w |tt, α , σ 2 )p(α
α, σ 2 |tt).
p(w
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R
w , σ 2 )p(w
w |α
α)dw
w,
The normalizing integral of the posterior distribution over the weights, p(tt|w
can be computed analytically since it is a convolution of Gaussians. The posterior
distribution over the weights is thus given by:

w |tt, α , σ 2 ) =
p(w

w , σ 2 )p(w
w |α
α)
p(tt|w
,
2
α, σ )
p(tt|α

= (2π)−

(N +1)
2

(3.62)

1
Σ|−1/2 exp {− (w
w − µ )T Σ −1 (w
w − µ )},
|Σ
2

(3.63)

where the posterior covariance and mean are respectively:
Σ = (σ −2Φ T Φ + A )−1 ,
−2

T

µ = σ ΣΦ t ,

(3.64)
(3.65)

with A = diag(α0 , α1 , ..., αl ).

3.3.6.2

Two-Class Sparse Bayesian Classification

xn }ln=1 along with corresponding binary
Given a set of scalar valued input vectors {x
l
target values {tn }n=1 , RVM aims to make accurate predictions for the given previously unseen input values by learning a model on the dependency between the
inputs and the targets. In real-world data the presence of noise in the form of class
overlap implies that the principal modelling challenge is to avoid over-fitting.
In RVM predictions are based on a set of linearly weighted sum of M, generally
non-linear and fixed, basis functions on the form:
x, w ) =
y(x

M
X

x) + w0 = w T φ (x
x ) + w0 ,
wi φi (x

(3.66)

i=1

x) ≡ K(x
x, x i ).
where the general basis functions are identified with the kernel: φi (x
This gives it the same functional form as SVM:
x, w ) =
y(x

M
X

x , x i ) + w0
wi K(x

(3.67)

i=1

In a nutshell, RVM is a Bayesian approach to estimate the parameters w i of (3.67),
while introducing sparsity. Sparsity refers to that many of these parameters will
tend to be close to or be zero.
For two-class classification, it is desired to predict the posterior probability of membership of one of the classes given the input x . The posterior probability describes
the revised probability after the new information, x has been taken into account.
The linear model is generalized through statistical convention for such cases by apx). This makes 0 < σ(y) < 1
plying the sigmoid link function σ(y) = 1/(1+e−y ) to y(x
apply and the function becomes descriptive for the probability of y, belonging to
one of the two classes. Further, the targets tn are assumed to be independent and
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w ) = σ(y) if tn = 1 and 1 − σ(y) if tn = 0.
follow a Bernoulli distribution: P (t|w
Consequently, the likelihood for the whole set can be written as:
w) =
P (tt|w

l
Y

xn ; w )}tn [1 − σ{y(x
xn ; w )}]1−tn ,
σ{y(x

(3.68)

n=1

w |tt, α ) cannot be prewhere tn ∈ {0, 1}. From (3.68) the edge likelihood for w , P (w
sented or calculated in analytical form, but it can be approximated in an iterative
process by using Laplace approximation.
w |tt, α ) ∝ P (tt|w
w )p(w
w |α
α), maximizing the logarithm of right-hand side is
Since p(w
equivalent to maximizing the logarithm of the left-hand side. For fixed values on α
the right-hand side can be maximized with respect to w using Iterated Reweighted
Least Squares (IRLS) algorithm (Nabney, 2002; Schmolck, 2008) or second-order
Newton methods. This would give us w at its mode, i.e. its most-probable value.
The logarithm of the right-hand side is expressed as:
w )p(w
w |α
α)} =
log{P (tt|w

l
X

1
[tn log(yn ) + (1 − tn )log(1 − yn )] − w T Aw
2
n=1

(3.69)

xn ; w )} and A = diag(α
α) where α = (α0 , α1 , ..., αl )T is a vector of
with yn = σ{y(x
l + 1 hyperparameters.
Laplace’s method is a quadratic Taylor approximation to the log-posterior around
its mode. It approximates the distribution with a Gaussian distribution. In our
w |tt, α )} ' N (µ
µM P , Σ M P ). Laplace’s method is applied to log{p(w
w |tt, α )}.
case log{p(w
Differentiating (3.69) twice gives:
w |tt, α )}|w M P = −(Φ
ΦT B Φ + A ),
∆w ∆w log{p(w

(3.70)

xn )}[1−σ{y(x
xn )}]
where B = diag(β1 , β2 , ..., βl ) is a diagonal matrix with βn = σ{y(x
T
T
w0 , . . . , wl ) and Φ = [φ
φ(x
x1 ), φ (x
x2 ), . . . , φ (x
xl )]), wherein
and t = (t1 , . . . , tl ) , w = (w
T
xi ) = [1, K(x
xi , x 1 ), K(x
xi , x 2 ), . . . , K(x
xi , x l )] . Negating and inverting (3.70) gives
φ (x
the covariance, Σ , of the approximating normal distribution centered at the mode
wMP .
w |tt, α ), using (3.70) and the fact that ∆w log{p(w
w |tt, α )}|w M P = 0
At the mode of p(w
since the log-Gaussian is a quadratic function of w and the mode w M P is an extremal
point, the mean and covariance can be written:
ΦT B Φ + A )−1
Σ = (Φ
T

w M P = ΣΦ B t

(3.71)
(3.72)

Using the statistics Σ and w M P , the hyperparameters α can be optimized in an
iterative process that is equivalent to expectation-maximization update and is guaranteed to reach an local optimum. The hyperparameters are updated through the
following relation:
αinew =

γi
,
µ2i
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where µi is the i -th element of the mode, w M P , and γi ≡ 1 − αi Σii , with Σii the i-th
diagonal element of the posterior weight covariance given in (3.71) and computed
with the current α values. Each γi can be viewed as a measure of how significant
its corresponding weight w i is. When αi is large and wi is constrained by the data,
Σii ≈ αi−1 and it follows that γi ≈ 0. Conversely, when αi is small and wi fits the
data, γi ≈ 1.

3.4

Multiple Kernel Learning Algorithms

There exists many predefined kernel functions and they are often examined one by
one in order to find the most appropriate one for the given dataset. However, as
previously mentioned, selecting a good performing kernel with corresponding parameters, in combination with a good performing base learner is not a trivial task. The
traditional approach toward this goal is to apply a cross-validation procedure (see
section 3.5.1) to find the best kernel in a set of predefined kernels. This approach is
often computationally expensive and there is no guarantee that the optimal solution
will be found. Furthermore, it is also possible that none of the candidate kernels
are completely suitable for treating complex datasets individually. To address this
problem, Multiple Kernel Learning (MKL) can be applied where the optimal kernel is modelled as a combination of a set of predefined kernels (Zare, Sadeghi &
Abutalebi, 2014). Multiple Kernel Learning (MKL) algorithms in combination with
SVMs as base learners have shown to be one of the most successful methods amongst
algorithms in terms of classification accuracy and computational time (Gönen & Alpaydin, 2011; Niazmardi et al., 2017).
The generated kernel function often provides a more accurate model of the data in
comparison with those provided by each one of the basis kernels (Rakotomamonjy
et al., 2008; Gönen & Alpaydin, 2011). Further, according to Gönen & Alpaydin
(2011) it is believed that the combination of kernels in a nonlinear or data-dependent
way provides more promising results than linearly combined kernels in fusing information provided by simple linear kernels. On the other hand, linear methods seem
more reasonable when combining complex Gaussian kernels.
The combined kernel and its corresponding parameters can be expressed as:
m P
xi , x j ) = fη ({km (x
xm
kη (x
i , x j )}m=1 ),

(3.74)

where fη : RP → R is the combination function, which can be either linear or
nonlinear, {km : RDm × RDm → R}Pm=1 denotes the kernel functions with P feature
P
m
Dm
xm
representations of data instances x i = {x
, and Dm is the
i }m=1 where x i ∈ R
dimensionality of the corresponding feature representation. The equation can be
modified to the more common implementation
m P
xi , xj ) = fη ({km (x
xm
kη (x
i , x j )}m=1 |η),

(3.75)

where η parameterizes the combination function. The parameters in (3.75) are used
to combine a set of predefined kernels in an optimal way.
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According to Gönen & Alpaydin (2011) using a specific kernel may be a source of
bias, and in allowing a learner to choose among a set of kernels, a better solution can
be found. Moreover, each kernel function may be using inputs from different representations possible from different sources. This suggests that they have different
measures of similarity, hence combining a set of predefined kernels may also combine
multiple sources of information. This method is discussed by Noble (2004) where
two methods are proposed namely intermediate combination (early combination)
and late combination where the first method includes a merging process of features
from different sources and fed to a single learner while different features are fed to
different classifiers and are combined by a fixed or trained combiner in the latter.
In the pursuit of finding the best combination of kernels, different learning techniques have been proposed. According to Gönen & Alpaydin (2011) the majority
of existing MKL approaches can be divided into the categories of fixed or Heuristic
rule based techniques. The fixed rule technique includes summation or multiplication of kernel functions without any parameters. The combination function in
(3.74) is used as a fixed function of the kernels, without any training. Once the final
kernel function has been obtained (combination of multiple kernels) it is used in a
kernel machine. Alternatively, the combination function can be parameterized by
a set of parameters, Φ , which constitutes the Heuristic approach. The parameters
can be obtained by either having a learning procedure optimizing Φ , in which case
an optimization approach is taken, or by looking at some measures obtained from
each kernel function separately. Similarly if it is assumed that Φ contains random
variables with a prior, one can use the Bayesian approach, and perform inference
for learning them and the base learner parameters. Finally, one can exercise the
boosting approach where new kernels are iteratively added until the performance
stops improving. (Gönen & Alpaydin, 2012)
Once the combination technique has been chosen, the procedure must be considered.
Linear combination is considered to be one of the most popular functional forms of
MKL algorithms. The method can be divided into two categories; unweighted and
weighted sum. The unweighted sum uses the sum or the mean of the kernels as the
combined kernel and the weighted sum can be expressed as: (Gönen & Alpaydin,
2012)
m P
xi , x j ) = fη ({Km (x
xm
Kη (x
i , x j )}m=1 |η) =

P
X

m
xm
ηm Km (x
i , x j ),

(3.76)

m=1

where, in this case, the combination function is linearly parameterized where no
assumption regarding random variables is made and η denotes the kernel weights.
Different versions of this approach can be derived by applying restrictions
PP on η, e.g.
P
P
P
linear sum (η ∈ R ), conic sum (η ∈ R+ ), convex sum (η ∈ R+ and m=1 ηm = 1)
etc. Restricting the kernel weights to be nonnegative corresponds to scaling the
feature spaces and use the concatenation of them as the combined feature represen-
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tation:
√

x1 )
η1Φ1 (x
2 
 √η Φ (x
2 2 x ) 

,
x) = 
Φ η (x
..


.


√
P
x )
ηP ΦP (x

(3.77)

where the dot product in the combined feature space gives the combined kernel
through the following relation: (Ibid.)
√

x1j )
η1Φ1 (x
 √η Φ (x
2 
P
X
2 2 xj ) 

m

=
xm
ηm Km (x
i , x j ),
..


.

 m=1
√
P
xj )
ηP ΦP (x
(3.78)
Nonlinear combination is another functional form of the MKL algorithms where
nonlinear functions of kernels are utilized (i.e. multiplication or exponentiation).
The third combination procedure that is widely used within MKL algorithms is the
data-dependent combination. Specific kernel weights are assigned for each data instance which makes it possible for the algorithm to identify local distributions in
the data and thus learn the correct kernel combination rules. (Ibid.)
T
√
x1i )
η1Φ1 (x
2 
 √η Φ (x
2 2 xi ) 



Φη (x
xj ), Φ η (x
xi )i = 
hΦ
..

.


√
P
xi )
ηP ΦP (x

An important step of MKL algorithms is the selection of combination parameters.
Target functions of different characteristics are often optimized where similarity,
regularization terms, errors terms and the quality of the kernel functions are metrics the target function aims to optimize. Similarity-based functions calculate a
similarity metric between the combined kernel matrix and an ideal kernel matrix
from the training data and combination parameters that maximizes the similarity
are selected. In contrast, structural risk functions aim to minimize the sum of a
regularization term and an error term corresponding to the model complexity and
system performance. Similarly, Bayesian functions, are used to measure the quality of the resulting kernel function constructed from a Bayesian formulation. The
likelihood or the posterior are often used as the target function and the goal is to
find the maximum likelihood estimate or the maximum posterior, which decides the
parameters. The way these methods can be used is by either taking a one-step or
two-step approach. In the one-step method both the combination function with
corresponding parameters and the combined base learner are estimated in a single
pass. It can be either a sequential or simultaneous process where the sequential
calculates the parameters of the combination function first and then a kernel-based
learner is trained using the combined kernel function, conversely in the simultaneous approach, both sets of parameters are learned together. The two-step method is
an iterative approach where the parameters of the combination function is updated
while fixing the parameters of the base learner and then update the base learner
parameters while fixing the parameters of the combination function, during each
iteration. (Ibid.)
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3.4.1

A Comparison of Different MKL Approaches for SVM
Classification

In the paper A Comparative Study on MKL for SVM Classification, Zare, Sadeghi
& Abutalebi (2014) present a MKL method which is based on the concept of the
distance metric learning (DML) theory. DML methods are based on metrics that
measures the similarity between data points. The method is compared to the other
popularly used MKL approaches. The authors show that the MKL methods generally outperform the best single predefined kernel (Zare, Sadeghi & Abutalebi, 2014).
A simple sum or multiplication combination of a set of predefined kernels presented
by Cristianini & Shawne-Taylor (2000) can be considered as the origin of multiple
kernel methods. In their proposed method no extra parameter is introduced and
consequently, this is no complete MKL method since there is no extra parameter
to be learnt (Cristianini & Shawne-Taylor, 2000; Zare et al., 2014). Cristianini &
Shawne-Taylor (2000) used a fixed rule approach and the resulting kernel obtained
a functional form of following characteristics:
xi , x j ) = K1 (x
xi , x j ) + K2 (x
xi , x j ),
Kη (x
xi , xj ) = K1 (x
xi , xj )K2 (x
xi , xj ).
Kη (x

(3.79)

Further, they showed that if K1 and K2 are positive definite kernels then Kη is
positive definite in both cases. That is, it then fulfills Mercer’s condition. The same
conditions apply when combining an arbitrary number of kernels using the same
rules (Cristianini & Shawne-Taylor, 2000). Pavlidis et al. (2001) reported that on
a gene functional classification task, training an SVM with an unweighted sum of
heterogeneous kernels gives better results than the single best performing kernel.
Lanckriet et al. (2002) proposed the first MKL method. In their method the optimal
kernel is learnt using a semidefinite programming (SDP) algorithm. The method was
a linearly weighted sum of kernels with no restrictions on the weights, i.e. η ∈ R.
Lanckriet et al. (2004) then restricted the kernel weights to be nonnegative (i.e.
η ∈ R+ ) and reduced the SDP problem to a Quadratically Constrained Quadratic
Program (QCQP) problem.
Rakotomamonjy et al. (2008) proposed a method named SimpleMKL, a two-step
method consisting of a linear convex combination function, in contrast to the conic
sum of the weights in the model proposed by Lanckriet et al. (2004). The SimpleMKL updates the kernel weights using a projected gradient method. In 2009,
Varma and Babu proposed a method called Generalized Multiple Kernel Learning
(GMKL) optimizing an objective function with two regularizing terms and a loss
function:
l

minimize

X
1
k w η k2 +C
ξi + r(ηη ),
2
i=1

xi ∗ Φ η (x
xi )) + b) ≥ 1,
subject to yi ((x
ξi ≥ 0,

i = 1, . . . , N.
i = 1, . . . , N.

(3.80)

w η ∈ RSη , η ∈ RP+ , b ∈ R
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where Φη (·) corresponds to the feature space that constructs the combined kernel
function Kη (·, ·) described in (3.77), and w η corresponds to the vector of weight
cofficients assigned to the elements of Φη (·). The regularization function r(ηη ) can be
any differentiable function with respect to η with continuous derivative. Unlike the
primal problem of SimpleMKL, this problem is not convex. The solution strategy
however is the same. (Gönen & Alpaydin, 2011)
Varma and Babu (2009) performed a gender classification based on facial images
using SimpleMKL and GMKL with SVM as the base learner. SimpleMKL and
GMKL were trained with combination functions KηS (·, ·) and KηP (·, ·) respectively:

xi , xj )
KηS (x
xi , x j )
KηP (x

=

=

D
X
m=1
D
Y

xi [m] − xj [m])2
ηm exp − γm (x
2

xi [m] − x j [m])
exp − ηm (x





D

X
2
xi [m] − x j [m])
= exp
−ηm (x
m=1

m=1

(3.81)
They show that GMKL with its combination function performs significantly better
than SimpleMKL with its respective combination function. (Gönen & Alpaydin,
2011)
Kloft et al. (2010) generalized the MKL further by applying a lp −norm constraint
on the kernel weights or regularization over the kernel weights with p ≥ 1. This was
done by adding µ k η kpp to the objective function or constraining the kernel weights
with k η kpp ≤ 1.
The previously mentioned methods all focus on linear combinations. Cortes et al.
(2010) utilized an nonlinear kernel combination function along with a Kernel Ridge
Regression base learner. They used a polynomial combination function and initially
proposed kernels of the following characteristics:
X
xi , x j ) =
x1i , x 1j )q1 K2 (x
x2i , x 2j )q2 ...KP (x
xPi , x Pj )qP ,
Kη (x
ηq1 q2 ..qP K1 (x
(3.82)
q ∈Q

P
where Q = {qq : q ∈ ZP+ , Pm=1 qm c ≤ d} and ηq1 q2 ..qP ≥ 0. This however made the
number of parameters to be learnt too large. Hence, they simplified the combined
kernel by the following:
X q q q
xPi , x Pj )qP ,
x1i , x 1j )q1 K2 (x
x2i , x 2j )q2 ...KP (x
xi , x j ) =
(3.83)
Kη (x
η11 η22 ..ηPP K1 (x
q ∈R

P
where R = {qq : q ∈ ZP+ , Pm=1 qm c = d} and η ∈ RP . For instance when d = 2 the
combined kernel becomes:
xi , x j ) =
Kη (x

P X
P
X

x1i , x 1j )Kh (x
x1i , x 1j ).
ηm ηh Km (x

(3.84)

m=1 h=1

Distance metrics are useful tools to measure similarity between data points. The
performance of distance-based algorithms such as K-nearest neighbour algorithm are
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highly dependent on the choice of distance metric. Distance metric learning (DML)
addresses that problem by learning a suitable distance metric through optimization
and available information (Zare et al., 2014). There have been a few attempts to
combine the MKL and DML methods in order to optimize kernel weights based
on their similarity. Wang et al. (2010) proposed an iterative learning method for
optimizing the kernel weights based on Mahalanobis distance matrices. Yan et al.
(2011) employ different DML objectives to optimize the kernel weights. Zare et al.
(2013) proposed a MKL method based on the concept of DML theory within the
framework of a semi-supervised metric learning problem. In the proposed method, a
linearly weighted kernel’s parameters are determined so that the distances between
similar pairs in the resulting feature space is reduced. The optimized kernel was
then used in combination with a kernelized k-means clustering algorithm. Since the
optimization process of the kernel weights is independent of the base learner, the
resulted optimal kernel can directly be used in another base learner such as SVM
(Zare et al. 2013). In another study made by Zare et al. (2014) this method was
therefore extended to a more supervised mode considering the SVM classifier. Their
newly proposed method was then compared to the single best performing kernel
along with other frequently used MKL methods presented below in table 3.1.
Reference
Christianini et al. (2000)
Christianini et al. (2000)
Lanckriet et al. (2004b)
He et al. (2008)
Qui et al. (2009)
Cortes et al. (2010b)
Bach et al. (2004)
Rakotomamonjy et al. (2008)
Varma et al. (2009)
Kloft et al. (2010)
Cortes et al. (2010a)
Zare et al. (2014)

Abbreviation
FMKL(sum)
FMKL(prod)
AMKL(conic)
AMKL(ratio)
AMKL(convex)
CAMKL
MKL
SimpleMKL
GMKL
GLMKL
NLMKL
DMKL

Short description
Fixed summation rule unweighted MKL.
Fixed multiplication rule unweighted MKL.
Kernel alignment based MKL with conic weight condition.
Kernel alignment MKL with relative weight condition.
Kernel alignment MKL with convex weight condition.
Center based kernel alignment MKL with conic condition.
MKL with conic duality.
SVM based MKL.
SVM based Generalized MKL.
SVM based Generalized Lasso-based MKL.
Non-linear SVM based MKL.
Distance metric learning based MKL.

Table 3.1: A list of popular MKL methods used in the comparative study on MKL of
Zare et al. (2014).

Zare et al. (2014) tested these methods on one artificial data set, XOR and five
real world datasets provided by University of California at Irvine (UCI) Machine
Learning Repository. The datasets had the characteristics displayed in table 3.2.
Data set
#dim
#class
#samples
XOR
2
2
200
Heart
13
2
270
Sonar
60
2
208
Ionosphere
34
2
351
Diabetes
8
2
768
Breast cancer
30
2
569
Table 3.2: Data sets used in the study of Zare et al. (2014).

Zare et al. (2014) conclude from the experimental results that MKL methods generally outperform the single best kernel and that when using MKL there is no need
to do an exhaustive search through for instance a cross validation procedure to find
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the best kernel. In their experiment, a 10-fold cross validation technique was used
to randomly partition the data into two parts. In each run, one part consisting of 9
folds was used as training data while the remaining fold was used as test data. They
compared the methods by the average and standard deviation of the classification
rate. Using this technique, they showed that the FMKL(product) and CAMKL
method generally performed poorer then the rest of the tested MKL methods. They
explained that the weak results of the FMKL(product) was due to that the feature
space induced by multiplying base kernels corresponds to the tensor product of the
feature spaces induced by each base kernel. Hence, the resulting feature space has
the same dimension as that of the base kernels. In these conditions, it is very challenging to find a discriminating hyperplane. On the other hand, the feature space
induced by the linear combination of base kernels in FMKL(sum) corresponds to
a concatenation of feature spaces generated from the base kernels. Thus, the dimensionality of the feature space is increased proportionally to the number of base
kernels which increases the chances of finding an optimally separating hyperplane
and shows significantly better performance.
The poor results of the CAMKL were explained by an possible destruction of the
structure of data in its inherent centering process of the feature space. Conversely,
the remaining kernel alignment-based MKL methods all showed comparable and
overall good results. As a group these had the best general performance. SimpleMKL, GMKL, GLMKL(p=1) and NLMKL all showed comparable results but
only GMKL showed best performing results for one out of the six sets. Ultimately,
the proposed method of Zare et al. (2014), DMKL, showed generally good performance and performed the best on two out of the six data sets, while performing
among the best methods in all except the Sonar dataset where it was the third worst
performing method.

3.4.2

Kernel Alignment-Based MKL

Christianini et al. (2001) introduced the notion of kernel-alignment, as a measure of
similarity between two kernel functions or between a kernel and a target function.
The introduced quantity captures a the degree of agreement between a kernel and
a given learning task, and consequently has very natural interpretations in machine
learning, leading to simple algorithms for model selection and learning (Christianini
et al., 2001). The quantity is defined as follows:
K 1, K 2) = p
A(K

K 1 , K 2 iF
hK
,
K 1 , K 1 iF hK
K 2 , K 2 iF
hK

(3.85)

P
K 1 , K 2 iF = li,j=1 K1 (xi , xj )K2 (xi , xj ) that is, the Frobenius inner product
where hK
between the two matrices K 1 and K 2 . Lanckriet et al. (2002) utilized this quantity
to learn the kernel weights in a linear combination. They considered the following
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optimization problem:
K µ , yy T ),
maximize A(K
K µ) = 1
subject to tr(K
Kµ  0

M
µm m=1 ≥ 0,

(3.86)

where tr(·) represent the matrix trace function, y is the label matrix of training
data and yy T can be interpreted as the ideal kernel matrix. This method is denoted
AMKL(conic) according to table 3.1 in this study.
He et al. (2008) used the kernel alignment quantity in a ratio relation to calculate
the kernel weights:
K m , yy T )
A(K
µ m = PM
K p , yy T )
p=1 A(K

∀ m = 1, . . . , M

(3.87)

where M is the number of initially listed kernels. This approach is denoted AMKL(ratio)
according to table 3.1.
Qui & Lane (2009) proposed a method where the distance between the combined
kernel and the ideal kernel is optimized. The optimization problem is formulated in
the following way:
minimize
subject to

K µ − yy T , K µ , yy T i
hK
M
X

µm = 1

(3.88)

m=1



µm

M
m=1

≥ 0.

This method is denoted AMKL(convex) in this study according to table 3.1.

3.5

Model Evaluation Techniques

To obtain good generalization ability and evaluate a model some common techniques
are used within the field of machine learning. Those relevant to this study are
presented in continuation.

3.5.1

Cross-validation

The choice of proper kernel function with associated parameters is, as previously
mentioned, a very important and non-trivial step in classification tasks where kernelbased learning algorithms are used. There are two challenges that must be considered where the first is, what kernel to use and the second concerns the parameter
values of the kernel. It has been shown that kernels that are successful for large
margin classification are not necessarily suitable for dimensionality reduction and
vice versa, (Saul et al., 2006). This is due to the possibility of counter-intuitive
properties that can exist within high-dimensional spaces, this will thus have an impact on the choice of kernel since this will contribute to the transformation of the
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input space. The support vector machine and relevance vector machine has their
roots in statistical learning theory developed by Vladimir Vapnik.
In statistics cross-validation (CV) is a testing strategy for evaluating the performance of a model. It is commonly used when evaluating the effectiveness of SVM
and also to identify suitable hyper-parameters such as kernel parameters for the
predictive models. In K-fold cross-validation the available data is partitioned into
K subsets where one part is held untouched in order to constitute the testing part
while the rest of the dataset is used to find the concerned parameters of the model.
The average of the K outcomes of the model evaluations is used as predictor of the
performance of the algorithm when applied to the whole dataset. (Wen et al., 2014)
What value should one choose for K? With K = N , the number of data points, the
cross-validation estimator is approximately unbiased for the true expected prediction
error, but can have high variance because the N training sets are similar to one
another. The computational burden is also considerable, requiring N applications
of the learning method. (Hastie, Tibshirani & Friedman, 2009)

Figure 3.4: Hypothetical learning curve for a classifier: a plot of 1-Err given training set
size N . (Hastie et al., 2009)

From figure 3.4 we can see that, for instance, with a dataset of 200 samples, 5fold cross-validation would use 160 sample training sets, which would perform much
like using training sets of size N − 1. On the other hand, having a sample size 50
and using 5-fold cross-validation, would result in a considerable overestimate of the
prediction error. In summary, if the learning curve has a considerable slope at the
given training set size, five- or tenfold cross-validation will overestimate the true
prediction error. Whether or not this bias is a drawback in practice depends on the
objective. On the other hand, leave-one-out cross-validation has low bias but can
have high variance. Overall, five- or tenfold cross-validation are recommended as a
good compromise. (Hastie, Tibishirani & Friedman, 2009)
The technique is basically about generating different sets of training and test partitions to evaluate the model on. Most SVM cross-validation algorithms are not
scalable to large datasets because they have to hold the whole dataset in memory
while usually having to perform a very large number of kernel value computations.
(Wen et al., 2014)
Although CV is one of the most common and accepted methods to evaluate a maAbo Al Ahad, G. & Salami, A.
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chine learning model, one drawback when using it on financial data is that it assumes
that observations are drawn from an independent and identically distributed (i.i.d.)
process. A second reason for CV’s failure is that the testing set is used multiple
times in the process of developing a model, leading to multiple testing and selection
bias. The reason why the first reason gives rise to problems is that leakage occurs. It
occurs when the training set contains information that also appears in the test set.
An example of this is that in a serially correlated feature, X, with associated labels
Y that are formed on overlapping data. Because of serial correlation, Xt ≈ Xt+1
and because labels are derived from overlapping data points, Yt ≈ Yt+1 . If then both
these data points winds up in different data sets, information is leaked. If a model
now is trained on (Xt , Yt ) and then is to predict Yt+1 given a new observation Xt+1
it is likely to predict Yt+1 even if X is an irrelevant feature. (De Prado, 2018)
For this reason the selected approach of this study will be discussed deeper in the
analysis section.

3.5.2

Walk-forward optimization

Walk-forward optimization is a common testing technique for financial strategies.
The idea is to evaluate if a model with parameters is viable over different time periods. The data is partitioned into subsets of overlapping training and validation sets.
How the data is partitioned depends on if one uses a rolling window or expanding
window scheme. In the former, all subsets are of same size, i.e. the window size and
the window is rolled with the size of the training set. In the second method, the
window is expanded by the size of the training data, instead of discarding preceding
pieces of the data (De Prado, 2018).

3.6

Parameter tuning algorithms

The use of algorithms in order to find suitable parameters has become increasingly common and highly appreciated since the parameter selection in SVMs along
with parameters for corresponding kernel significantly influences their forecasting
performance (Pai & Hong, 2005). The consequence of improper determination of
parameters is either over-fitting or under-fitting of the model. In this section three
different methods are presented which will act as potential candidates in this study.

3.6.1

Grid-Search

The use of grid-search in combination with K-fold cross-validation could manage the
risk of over-fitting and identify good parameters in order to enhance the performance
of the classifier. The idea behind grid-search is to generate grid of potential parameter values and evaluate every combination of the parameters in order to find a well
performing set of parameters in the grid. To reach a broader range of candidates
this can be done by first generating a coarse grid where potential well performing
regions are found and select the best region where a finer-grid-search is performed.
By combining grid-search with K-fold cross-validation the management of the risk
of over-fitting is taken care of while the identification of good parameters for the
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classifier is made. The combination of the two methods is simply about performing
a cross-validation for every set of parameters in the grid. However, it is important to
note that grid-search alone is an exhaustive methods in terms of computer resources
and in combination with K-fold cross-validation, the procedure becomes K times
as exhaustive. (Hsu et al., 2016)
The optimal set of parameters corresponds to the one that has the highest score on
a criterion. In this study the criterion would correspond to the highest M CC as
defined in section 2.1.1. However, the success of the algorithm relies on the assumption that the optimal values lies in the predefined searching range; otherwise, grid
search fails to work. Another problem is that grid search is quite time-consuming
especially when using classification accuracy as the criterion. However, it can be
easily parallelized since each combination of parameters are independent. (Ibid.)

3.6.2

Kernel parameter estimation through Class Separability in the Feature Space

The high degree of freedom to the problem of selecting appropriate kernel parameters have led to a variety of methods optimizing the parameters in different ways.
Many of those limit their application to optimizing parameters for specific kernels
as for instance σ in RBF (Wang et al., 2003; Xu, Dai. & Meng, 2009) or the parameter d in the polynomial kernel (Ali, & Smith, 2003; Ali & Smith-Miles, 2007).
Zhang et al. (2006) proposed a more general method for learning the parameters
for any kernel through optimizing an objective function that measures the classification reliability of kernel minimum distance. Li et al. (2012) proposed a method
for normalized kernels making it inapplicable for the polynomial kernel for instance.
Li & Xi (2012), inspired by the previously mentioned method, proposed a method
for learning the kernel parameters of any kernel. The methods aims to determine
appropriate kernel parameters by estimating class separability by cosine similarity
between two vectors in the kernel space. The optimal parameter set is defined as
the one that maximizes the between-class separability and minimize the within-class
separability. Li & Xi (2012) benchmarked this method along with the method proposed by Zhang et al. (2006) and grid-search on eight datasets. The results showed
that the proposed method was considerably faster than grid-search with comparable
results.
Since this study concerns investigating the performance of multiple kernels a more
general framework is of interest. Consequently the method proposed by Li & Xi
(2012) is a possible candidate in this study. The theory of the method is based on
class separability, which is a classic concept in feature selection that considers two
intuitive principals; similar instances, i.e. instances from the same class should be
close to each other while dissimilar instances should be as distant from each other
as possible. (Li & Xi, 2012)
Class separability can be measured either by distance similarity or cosine similarity.
Distance similarity is inefficient in high dimensional spaces and therefore cosine
similarity is applied. In the high dimensional feature space the cosine similarity
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matrix M , in a L-class problem, is defined as:
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where x (i) is an instance from the ith class and the angle can be decomposed into
forms of inner products as follows:
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To quantify the two principles of class separability, the within-class separability
(3.91) and the between-class separability (3.92) are introduced and defined by Li &
Xi (2012) in their proposed method as:
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The objective function to maximize is then defined as:
J = B −W.

(3.93)

By this definition of class separability, a large value indicates a small within-class
separability and large between-class separability. Since W and B both are functions
of the kernel parameters, the objective function is maximized with respect to these
parameters. Depending if the kernel function is one dimensional, two times differentiable, continuous or discrete with respect to its parameters, the optimization
problem is solved using different techniques. For instance, for the RBF kernel, the
optimization problem becomes a nonlinear one-dimensional optimization problem
and since it is twice differentiable, the optimum can be found by Newton’s search
method (Chong & Zak, 2008). On the other hand, if the kernel function is discrete
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with respect to the kernel parameter, as in for instance the polynomial kernel, the
maximizer can be found by defining a discrete set on which one wishes to search and
from there find the value which maximizes (3.93) (Li & Xi, 2012), corresponding to
a one dimensional grid-search.

3.6.3

Simulated Annealing

Simulated Annealing (SA) is an algorithm amongst many that can be employed to
choose the parameters of a SVM with corresponding kernel function. A study by the
name of Support vector machines with simulated annealing algorithms in electricity
load forecasting performed by the authors Pai & Hong (2005) investigated the efficiency of combining a SA algorithm with a SVM model (SA-SVM), and found that
the proposed model improved the forecasting results and significantly outperformed
the comparing models General Regression Neural Networks (GRNN) and Autoregressive Integrated Moving Average (ARIMA).
Simulated Annealing is a global search algorithm inspired by the annealing process in
metallurgy. It is a process in material physics where a solids’ temperature is initially
increased to a high value at which the solid melts and afterwards slowly cooled until
its molecular structure is crystallized in a low-energy state. The cooling process must
be performed carefully in order to achieve a highly structured lattice of the particles,
or a meta-stable state is acquired (Aarts & Korst, 1989). The process can be viewed
as a search procedure where the states of the physical material corresponds to the
solution of a problem, the energy of a state to cost of a solution and the temperature
to a control parameter (Du & Swamy, 2016). The probability of a system being in
a given state, α, with energy, Eα , Boltzmann constant, kB , and temperature, T , is
provided by the Boltzmann distribution (Aarts & Korst, 1989):


−Eα
exp kB T


(3.94)
Pα = P
−Eβ
exp
β
kB T
where β represents the set of all possible states. One can however not use (3.94) in
order to gain understanding of the thermal process since no information regarding
how a fluid reaches thermal equilibrium is provided. Metropolis et al. (1953) introduced an algorithm for simulating the evolution to the thermal equilibrium based on
Monte Carlo techniques. The algorithm, known as the Metropolis algorithm, generates a sequence of states of the solid in the following way. Given a current state αold
of the solid with energy Eαold , a subsequent state αnew with energy Eαnew is generated by applying a perturbation which transforms the current state into a next state
by a small change. The new state is accepted as the current state if the Metropolis
criterion is satisfied i.e. Eαnew ≤ Eαold . However, if the case Eαnew > Eαold holds
a probabilistic approach is utilized where the probability of the configuration being
accepted is


∆E
and p < PAccept , 0 ≤ p ≤ 1
(3.95)
PAccept = exp −
kB T
Where ∆E = Eαold − Eαnew is the cost function and p is a random number uniformly
distributed in the interval [0, 1] in order to determine the acceptance of the proviAbo Al Ahad, G. & Salami, A.
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sional state. One number is selected and used in the given condition.
Kirkpatrick et al. (1983) claimed that the Metropolis approach can be viewed as an
iterative process, evaluated at decreasing values of the control parameter, T , in an
annealing schedule. The iterative improvement of the Metropolis approach differs
in the sense of search ability. The iterative approach and the feature of acceptance
of, to a limited extent, deteriorations in cost makes it possible for the algorithm to
always transition out of a local optimum and not become stuck (Kirkpatrick et al.,
1983; Aart & Korst, 1989). As a result a form of an adaptive divide-and-conquer
method is developed, where a coarse search is performed for large T values of the
space of global states in order to find a good minimum. As the control parameter
gradually decreases a finer search (no more deteriorations are accepted at this stage)
in the neighborhood of the already determined minimum with the purpose of finding
a better minimum is performed. Thus the cooling process enables the algorithm to
gradually converge to the search outcome to accomplish global optimality. Equilibrium is achieved once T = 0 or the pre-determined temperature is achieved (Du &
Swamy, 2016). The probability of accepting deteriorations is caused by (3.95) where
the probability is compared with a uniformly generated random number.
Important steps that must be taken into account when a Metropolis algorithm is implemented for a system is how the rearrangements of the elements in a configuration
will be performed, define a quantitative objective function regarding the trade-offs,
an annealing schedule of the temperatures and the length of time for which the
system is to be evolved must be selected (Aarts & Korst, 1989). Given that SA
is a stochastic optimization algorithm, its movement can be imagined as a random
walk throughout the solution space (Hartwig, 2005). Restrictions described earlier
in combination with decreased control parameter during each iteration will assure
that the walker’s final position is near to or even the global optimum.
The SA algorithm is presented below, the Boltzmann constant can be disregarded
in SA for SVM (Du & Swamy, 2016).
1. The algorithm is initialized by determining an initial value for the SVM parameters and kernel function parameters, assigning a value to Tstart and Tstop ,
setting an initial temperature length and defining a termination criteria consisting of the amount of simulations, NSA , that the algorithm may perform
before terminating the search. Earlier studies regarding SA algorithms presented by Kirkpatrick et al. (1983) and Laarhoven & Aarts (1987) suggests
that the amount of simulations, NSA , should be set to 100d, where d is the
dimension of the problem, which can be defined as the amount of parameters
the investigation concerns. Furthermore, the temperature length defines the
amount of iterations at a given temperature of the cooling scheme meaning
that a certain number of moves are accepted before decreasing the temperature.
2. The initial set of parameters are fed to the kernel function and base learner
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for evaluation where the initial state value, E0 , is calculated, in this study, as:

Es =

K
1 X
(1 − M CCs,k )
K k=1

(3.96)

where s = 0, E0 is the average of the MCC defined in (2.2) and k indicates
evaluation of the k th fold in the K-fold cross-validation. The initial set of
parameters and system state value is then stored as the current and the (so
far) best ones.
3. Given the current parameters and system state value, conduct a random move
by choosing a new set of parameters (uniformly randomly generated) that will
constitute the neighbourhood (new state) and calculate the new system state
value E1 (according to 3.96).
4. Utilize the acceptance criterion in order to determine the acceptance or rejection of the new state:
(
PAccept =

1, if Eαnew ≥ Eαold
E
−E
exp − αold T αnew , if Eαnew > Eαold

and p < PAccept
(3.97)

where p is a random number 0 ≤ p ≤ 1 in order to determine the acceptance
of the provisional state in a probabilistic domain. Furthermore, the condition
Eαnew 6= 0 must be satisfied in both cases. Once the new state is accepted it
becomes the current state and is also set as the (so far) best state together
with the parameters that generated it. However, if it is probabilistically accepted the third step of the algorithm will be repeated until the first condition
in (3.97) is satisfied i.e. a so called superior state is chosen. The current
parameters (that did not generate a better state) will thus act as the initial
parameters in the third step from which a new state is randomly generated.
This makes it possible for the algorithm to occasionally accept worse solutions
in order to perform a wider search and move further.
The search for a better state is repeated until the amount of iterations set
by the temperature length is fulfilled. Once it is fulfilled the temperature
decreases according to the chosen cooling scheme and the temperature length
increases (in order to achieve a finer search). This will be performed until the
temperature reaches equilibrium or is terminated due to no better solutions
being found (reaches NSA ).
A study conducted by Lin et al. (2007) examined a comparison between a proposed SA-SVM model with feature selection where a Hide-and-Seek SA approach
was adopted, without feature selection and grid search. The SA-SVM model without
feature selection was first compared with the results obtained from Newton SVM
(NSVM), the conventional SVM and Lagrangian SVM (LSVM) by Mangasarian &
Fung (2003) where SA-SVM proved to be significantly better. It is, however, important to notice that the results presented from Mangasarian & Fung (2003), used
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by Lin et al. (2007) in the comparison, is obtained by a linear classifier whereas the
SA-SVM utilizes a nonlinear classification approach with the RBF kernel function.
Nonlinear classification results are however provided by Mangasarian & Fung (2003)
which still proves the improvement of the SA-SVM approach. Furthermore, the results of SA-SVM without feature selection were also compared to the conventional
SVM where three different kernel functions were applied, Gaussian kernel, a polynomial kernel and a sigmoid kernel by Liao et al. (2003). The comparison revealed
once again the superiority of SA-SVM. Finally, a comparison between SA-SVM with
feature selection, SA-SVM without feature selection and grid search were conducted
where both SA-SVM models outperformed grid search in all cases. It was also concluded that the SA-SVM approach with feature selection outperforms the SA-SVM
without feature selection.

3.7

Robustness of Support Vector Machine-based
Classification of Heart Rate Signals

Kampouraki, Nikou & Manis (2006) discuss the use of Support Vector Machines to
classify heart rate signals. Each signal is represented by an attribute vector containing a set of statistical measures for the respective signal. They show that the SVM
classifier performs very well even with signals exhibiting very low signal to noise
ratio which is not the case for other standard methods proposed by the literature.
In their experiment, the original signals were corrupted by zero mean white Gaussian
noise. The standard deviation of the noise was selected appropriately in order to
obtain signal to noise ratios (SNR) between 5 and 0 dB. For each signal, 50 new
signals were generated. Feature vectors were created from the degraded signals and
the classifiers were trained by a total number of 500 signals for each SNR level. 200
new test signals were then created by the same procedure for each SNR level and
the classifiers were evaluated on them. The authors mention that when important
amount of noise is added to the signal, the statistical attributes cannot classify
the signals by themselves. For instance, figure 3.6 illustrates the modification in
some statistical measures introduced by the noise. As can be noticed, a value of
16 for the triangular index and a value of 0.03 for the SDANN separates the young
from the elderly subjects (fig. 1(a)-(b)). On the other hand, when the original
signals are corrupted by white Gaussian noise categorization by simple thresholding
becomes impossible. The results from their simulations can be seen in figure 3.5.
(Kampouraki, Nikou & Manis, 2006)

Abo Al Ahad, G. & Salami, A.

58

Soft Margin Classifiers for Predicting the Sign of Return on Financial Assets

Figure 3.5: Extracted from Kampouraki, Nikou & Manis (2006).

Figure 3.6: Extracted from Kampouraki, Nikou & Manis (2006).
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Chapter 4
Methodology
This section provides the basis needed to reach the aim of the study, which is to
develop a process for improving the prediction performance when predicting the sign
of return of financial time series by means of soft margin classifiers. The theoretical
and empirical framework of chapter 3 is referred to when motivating the selection
of certain methods and when discussing different approaches.

4.1

Data

The data used in this study is extracted from Kenneth French’s (French, 2018) and
Robert Shiller’s (Shiller, 2018) databases. Since a delimitation of the study is that
all time series should be of same length and frequency, and as long time series as
possible are desirable in machine learning contexts, macro data are of main interest
in this study along with factors from Fama & French’s three factor model (Fama &
French, 1995) and price and book to market equity data for sectors within the US
equity market. The sectors have been assembled using correct SIC (Standard Industrial Classification) data that then have been mapped to relevant GICS (Global
Industry Classification Standard) sectors. The book to market equity for the sectors
Materials, Consumer Staples, Consumer Discretionary, Health & Care and Information Technology violate this delimitation but are of such importance when including
these metrics for the other sectors that they are included with the motivation that
they will contribute to the PCA components on a limited scale (due to the lack of
data) since there is no variation in them principally and they become more relevant
as the walk-forward procedure progresses. A detailed description of the data can be
seen in tables 6.1 and 6.2. The time series involved in table 6.2 consists of daily observations. In the tables SA stands for seasonally adjusted data. The data have been
seasonally adjusted with The X-13ARIMA-SEATS Seasonally Adjustment Program
(Monsell, 2018). The column CM of both mentioned tables indicate which calculation method to use to represent changes and standard deviations in the factors.
(4.1) describes the quota and (4.2) the difference:
Q:


V
f,i+1
,
∆f,i+1 = log
Vf,i

(4.1)

D:

∆f,i+1 = Vf,i+1 − Vf,i ,

(4.2)

Abo Al Ahad, G. & Salami, A.

60

Soft Margin Classifiers for Predicting the Sign of Return on Financial Assets

where ∆f,i is the change of any factor f at time i and Vi is either the nominal value
or percentage value of the same factor at time i, depending if the factor is marked
with a Q or D respectively. Before this step some time series will be time lagged
one month back. These factors are: industrial production, book value of all sectors,
consumer price index, earnings and dividends. They are time lagged because they
are not known until a certain time after the period they refer to.
Having calculated the relative change and standard deviation of the relative change,
longer period cumulative changes and standard deviation of those changes are calculated and added as input factors for the vector machine base learners. The periods
of interest are 1, 3, 6, 9, 12, 18 and 24 months for the cumulative changes and
their respective standard deviations for both daily and monthly observations. Both
observation types are calculated using a rolling window of returns
√ given by the size
of respective
period and then annualized by multiplying with 252 for daily data
√
or 12 for monthly data. The standard deviation is the standard deviation of the
returns in the given window and are annualized by the square root of respective annualizing factor previously mentioned. Doing this some time series becomes shorter
because of the rolling window procedure. All time series will start where the time
series using the largest rolling window starts, since it becomes the shortest.
Having completed this step 768 factors from the base factors are obtained. The
process then continues by normalizing the factors using z-scores and is calculated as
follows:
zi =

fi − f
σf

i = 1, . . . , N,

(4.3)

where fi is the factor value, f and σf is the mean value and standard deviation of
the factor f’s time series for each training set. Out-of-sample data, that is validation
data of the cross-validation or test data used to test the performance outside the
cross-validation set of every walk-forward window, is normalized using the in-sample
mean and standard deviation. A description of the sets can be seen in figures 4.2
and 4.6.
The process then continues by computing the principal components of the z-score
factors as described in section 3.1. Where the covariance matrix of all factors are
calculated primarily and is later decomposed to eigenvalue and eigenvector pairs,
from which PCA components that resembles feature vectors in the original are constructed. The same goes here as for the normalization, the PCA factor-loadings
are determined using the in-sample data and out-of-sample data is transformed to
the same space by means of those factor-loadings. Below a figure is presented to
give an overview over the process for the cross-validation sets. The cross-validation
procedure will be explained further below.
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Data Processing
cross-validation set
Apply lag
Read monthly
and daily data
Perform
transformations
1M,3M,6M,9M,
12M,18M,24M

Split data in
cross-validation
and test set

Split
cross-validation
data in 5 folds,
creating 5
training-validation
sets.

For each training
set, perform
normalization
and then PCA

Use mean and
std of respective
training set,
to normalize
its respective
validation set

Use PCA
factor-loadings of
training set to
transform
validation set
into same space.

Figure 4.1: Process for extracting features for both training and model validation.

4.1.1

Software

The models that this thesis concern will be implemented in Matlab according to the
theory presented in chapter 3. This will be the case for all of the different functions
and algorithms used by the models.
Since the whole procedure is computationally heavy, we seek to parallelize the computations by using Matlab’s Parallel Computing Toolbox. Since the same procedure
is carried out independently for each base learner, window and kernel, we can parallelize the work flow on these. For SVM, FSVM, PKSVM and FTSVM we parallelize
on base learners and kernels to achieve more speed, while for RVM we parallelize on
windows as well, since it is computationally heavier than the rest.

4.2

Phase 2

Having produced the final input variables which corresponds to the principal components, also known as features, through the PCA analysis, the number of factors,
k, will be chosen so that the explanatory variance calculated by (3.6) is in the lower
bound of 98%. This will be done for each training period defined by the walk-forward
optimization scheme. This study will be using an walk-forward optimization scheme
starting with approximately 45 years of training data (1926.12.31 - 1971.11.30) and
5 years of test data which will be rolled with 5 years until the whole data set have
been covered. The ultimate test set will include the remainder of the data as test
data. The idea is to simulate a situation where all available historical data have
been used to calibrate and train the model as it has been live for 5 years, at multiple points back in time and then after these 5 years the model will be re-calibrated
and evaluated on the next 5 years and so forth. This way a better view on the
models’ prediction performance over different economically important time periods
will be provided. A full overview over the walk-forward optimization scheme and
periods is given below.
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Start date: End date:
1981-11-30 1981-12-31 1986-11-30
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Start date: End date:
1986-11-30 1986-12-31 1991-11-30
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Start date:
1946-12-31
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data
End date:
2011-11-30

Model tuning/Cross-validation data

Start date: End date:
2011-12-31 2017-09-30
Validation
data

Figure 4.2: An overview over the periods in the walk-forward procedure.

The base learners that are of interest in this study are SVM, FSVM, FTSVM, prior
knowledge SVM and RVM where the kernels that will be used by these models can
be observed in table 4.1 with exception of Sigmoid which will only be used in RVM
since it, for some parameter settings, is a non-mercers kernel. Each model will be
implemented according to the theory presented in chapter 3 and the SA algorithm
will be utilized for the parameter tuning purpose of each base learner and kernel
function. This will be performed for each base learner, training data set given by
the walk-forward scheme and kernel function in 4.1.
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Kernel type
Linear
Gamma Exponential
Rational-Quadratic
Gamma-Rational
Polynomial
Periodic
Sigmoid
Radial Basis Function (RBF)
MDARC0
MDARC1

Mathematical representation
xi , x j ) = αx
xTi x j
K(x
xi , x j ) = exp (−αkx
x i − x j kγ )
K(x
xi , x j ) = exp (1 + αkx
xi − x j k2 )−β
K(x
xi , x j ) = exp (1 + αkx
xi − x j kγ )−β
K(x
xi , x j ) = (x
xTi x j + P
K(x
m)d
xi , x j ) = exp (−α ni=1 sin (p(x
xi − x j ))2 )
K(x
xi , x j ) = tanh(αx
xTi x j +c)
K(x
x xj k22
xi , x j ) = exp −kx iσ−x
K(x
2
4.4, 4.5, 4.7
4.4, 4.6, 4.7

Table 4.1: A list over common Mercer’s kernels (a condition that must be satisfied for
SVMs) that are investigated in this study. x i represents a feature vector of economic data
at time i that is believed to affect the target, the US equity market minus the risk-free
rate of return.

The literary study conducted in chapter 3 resulted in the discovery of additional
kernels that are of interest to study in this thesis. Hence the addition of two kernels in 4.1. These kernels are mentioned in the article Forecasting Financial Time
Series with Multiple Kernel Learning by Fábregues et al. (2017) where a forecasting procedure based on multivariate dynamic kernels under a non-linear framework
is introduced. The kernels that are presented in the article are designed to work
with MKL, however, they will be subject to all models presented in this thesis.
The kernel of consideration is termed The Multivariate Dynamic Arc-Cosine Kernel
(M DARCn ) and is considered interesting since its construction is related to neural
networks with an infinite hidden layer. The kernel is defined as
1
k s1 kn k s2 kn Jn (θ)
π
where n determines if the MDAC0 or MDAC1 is used. Furthermore,
kn (s1 , s2 ) =

(4.4)

J0 (θ) = π − θ,

(4.5)

J1 (θ) = sin θ + (π − θ) cos θ,

(4.6)

and
θ = cos

−1



sT1 s2
k s1 kk s2 k


.

(4.7)

For the FSVM and FTSVM one membership function will be tested. The membership function is the one used in the study made by Gao et al. (2015). For the
Prior Knowledge SVM, an exponential weight function will be used, where the a
parameter is set to 2.5. This value was decided on judging from the description
given by Cao et al. (2003). It will give almost equal importance for the most recent
data points, an importance close to 1, and at half of the observations it is equal
to 1/2. The importance decreases rapidly in the middle section of the training set
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whereas it decreases more slowly for the last section of the data set holding values
below 1/2 while becoming increasingly closer to 0 for the oldest data points.
There are three methods that have been considered regarding the parameter tuning
of the models in the study, described earlier in chapter 3. In this study SA will be
used. The motivation for using SA is both the time complexity of the algorithms
and results. Even though grid-search in combination with k-fold cross-validation
could manage the risk of over-fitting and possibly identify good parameters, the
exhaustive search that is performed is very time consuming and does not necessarily provide an adequate solution. On the other hand while the class separability
optimization proposed by Liu & Xu could reduce the computational time significantly and has comparable results to grid-search, their results pointed more towards
a slight deterioration in performance rather than improvement in comparison to
grid-search. SA, on the other hand have shown improvements over grid-search both
in that it is not necessary to define a set of parameters beforehand and in classification performance on the tested data sets. Similarly to the grid-search method, the
regularization term of the SVM methods can be considered as kernel parameters.
Hence, all parameters can be treated in a unified framework. (Zhang Q. et al., 2009)
The SA algorithm consists of several steps that must be performed in order to
achieve an optimal set of parameters for the given base learner and kernel function.
A thorough and detailed description of the algorithm can be observed in 3.6.3 where
the steps that must be considered are addressed. The algorithm will be the same for
all models, however, the amount of parameters that must be optimized will differ
due to the base learner parameters. A generalized description of the SA algorithm
will be presented below where more specific details regarding each base learner and
parameters will be provided afterwards.
1. Input/initialization:
NSA = 100d
d
Tstart = 0.3
Tstop = 0.00001
SVM parameters
kernel parameters
i = 0 (termination criterion)
TL
t=2
2. Calculate E0 = M CC0 and store it in Ecurrent and Ebest
3. Store initial parameter solution in Pcurrent and Pbest
4. while Tstart > Tstop and i ≤ NSA
4.1. for SAloop = 1 : T L
4.2. i = i + 1
4.3. Create neighbourhood solutions randomly with a uniform distribution
and store in Pnew
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4.4. Calculate Enew (Pnew ) = M CCnew
4.5. if Enew ≥ Ecurrent and Enew 6= 0
Store Pnew in Pbest and let Pcurrent = Pnew
Store Enew in Ebest and let Ecurrent = Enew
Set i = 0
current
) > rand(0, 1) and Enew 6= 0
4.6. else if exp ( EnewT−E
start
Store Pnew in Pcurrent
Let Ecurrent = Enew

5. t = t + 1
Tstart = Tstart / ln(t) (cooling scheme)
TL = TL + d
repeat from step 4
6. When the algorithm is finished: return Pbest and Ebest
where d is the number of model parameters, i.e. kernel and base learner parameters,
and rand(0, 1) is a random number drawn from a [0, 1] uniform distribution.
The amount of parameters that will be subject to the optimization in the SA algorithm differs slightly between the support vector machine methods described in
chapter 3. The parameter that will be included in the algorithm in case of the
conventional SVM, FSVM, Prior knowledge SVM is the regularization parameter
C. What goes for the FTSVM, four regularization terms will be included. Furthermore, parameters from the selected kernel functions will be included as well.
These can be observed in table 4.1. A study by the name of Practical Selection
of SVM Supervised Parameters with Different Feature Representations for Vowel
Recognition performed by Amami, R., Ayed, D. B. & Ellouze N. (2013), studied
that effect of different values of the regularization term and found that the best
performing value in their case was C = 10. This will be used as an initial value for
the parameter in the algorithm but will likely be modified through the SA procedure.
Another parameter that must be decided is the control parameter that is used by the
SA algorithm in order to perform a coarse and finer search of the neighbourhood
solutions resulting. The selection of the temperature determines the number of
iterations of the algorithm and its stochastic behaviour. The initial parameter value
of the temperature will be set to Tstart = 0.3 and the temperature where thermal
equilibrium is expected to happen to Tstop = 0.00001 with the logarithmic cooling
schedule
Tk+1 =

Tk
,
ln(k + 3)

k = 0, . . . , N

(4.8)

where k is the number of iterations, and is increased by 3 units so that the temperature is lowered after the first iteration. This cooling schedule cools the temperature
slowly in the first iterations and cools the temperature faster as the process proceeds.
The start temperature is motivated by our energy function. The energy function
used could at maximum obtain a value of 1 and for a new state that is worse, a difference of 0.3 is accepted with a probability of approximately 37%, which is rather
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high for such a huge deterioration. Thus, a larger scope of the neighborhood space
is searched in the beginning and as the temperature is decreased, this probability
is decreased allowing for less deviations from a optimal state. Given this data the
temperature cools as presented in figure 4.3.

Figure 4.3: Temperature vs iteration using relative logarithmic cooling schedule.

This cooling schedule is different from the standard logarithmic cooling schedule:
Tk+1 =

Tstart
,
ln (k + 3)

k = 0, . . . , N

This cooling schedule would not apply well for the application of this study. This
is because the temperature cools to slowly both in the beginning and in the end. It
would therefore require many iterations before reaching low temperatures, meaning
that it would allow for large deviations in energy all the while until the temperature
is sufficiently low. Figure 4.4 below illustrates the standard logarithmic cooling
schedule. As can be seen, the temperature is barely below 0.05 after 500 iterations.
This would mean that poorer deviations of 0.05 in the energy function are accepted
with a probability slightly less than 37%. This is a large deviation and probability
after that many cooling iterations.

Figure 4.4: Temperature vs iteration using logarithmic cooling schedule.
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Further, earlier studies regarding SA algorithms presented by Kirkpatrick et al.
(1983) and Laarhoven & Aarts (1987) suggests that the termination condition, NSA ,
should be set to 100d, where d is the dimension of the problem and is defined as the
amount of parameters to be optimized. Hence, the amount of simulations will not
be the same for all base learners and kernels.
The neighbourhood solutions which will be the new parameters resulting in a new
state will be generated uniformly randomized and multiplied with a constant in order
to create a random walker and large enough search range. This will be performed
according to
Pnew = Pcurrent + k ∗ rand(−1, 1)

(4.9)

Where Pnew is the new parameter, Pcurrent is the current parameter value for the
accepted state. The current parameter is initially a first state determined randomly
during the first iteration of the algorithm and rand(−1, 1) is a random number drawn
from a uniform distribution on interval [−1, 1]. The constant value will be used as
a scaling factor to increase or decrease the size of the jump made from the current
parameter value to the new. Each parameter in each base learner and kernel will
be subject to the equation above where the scaling parameter, k will be changed in
order to suit the parameters. E.g. the interval of the regularization term will differ
from the sigma parameter in a RBF kernel function. Whereas in the case of the
hyperparameter of the polynomial kernel function, d, a random integer value must
be drawn.
In the SA algorithm the energy for a given set of parameters, Es is calculated as
described in (3.96) with K = 5 since 5-fold cross-validation will be used in this study.
That is, cross-validation will be performed for each generated parameter set for each
combination of kernel, base learner and window. The amount of windows will be
eight with regards to the data and the chosen size of training data and validation
data. When SA terminates, an optimal set of parameters is obtained. 45 years of
data will be used to find these parameters and the resulting model will be evaluated
on the 5 following years. The evaluation will consist of all performance metrics
and statistical significance tests described in section 2.1. The results from each run
are documented continuously and will be subject to a model selection procedure
through three different scores on the cross-validation results. The results of the
best performing models according to these scores will be analyzed in the following
chapter. This process can be summarized through the figure below.
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Model tuning on
cross-validation set
For each crossvalidation set,
for each base
learner and for
each kernel do:

Use cross-validation
set, SA and base
learners to obtain
optimal kernel and
model parameters

Use the 5 test sets in
predictions and evaluate
mechanical performance
metrics,both in and
out-of-sample

Select model
based on score

Cross-validation set
implies all ﬁve
constructed sets by
splitting in 5 folds, leaving
out one as validation set
each time.

Figure 4.5: An overview over the model tuning and SA part of the process.

The idea is that standing at today’s point time all data that is available is a window’s
cross-validation data and using this data, each kernel and base learner pair should
be tuned until best cross-validation performance is obtained. The cross-validation
performance measured by any of the three scores then constitutes the best guess for
what model likely will perform the best in the future.
The scores are calculated on the cross-validation performance of the model that SA
outputs, i.e the optimal model and kernel parameter for each base learner and kernel
combination. A figure of the cross-validation sets can be seen below.

Model tuning/Cross-validation data
1
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1

2

3
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Figure 4.6: An overview over how the cross-validation data set is split. The red fold
represent the validation set while the rest constitutes training data.

By splitting the data according to figure 4.6 5 sets are obtained each period and
by evaluating an optimal classifier (kernel and base learner pair) on these, 5 measurements of the performance metrics are obtained for both the in-sample and outAbo Al Ahad, G. & Salami, A.
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of-sample data. These are combined in three different scores, namely ACCscore ,
M CCscore and ALLscore . The ACCscore is defined as follows:
ACCscore = mean(Aos,cv ) − std(Aos,cv ),

(4.10)

where A is the accuracy as introduced in (2.1), Aos,cv are the cross-validation accuracies of all folds, mean(·) is a function that calculates the mean of the values
and std(·) is a function that calculates the standard deviation of the values. The
M CCscore is defined as follows:
M CCscore = mean(M CCos,cv ) − std(M CCos,cv ),

(4.11)

where MCC is the same as introduced in (2.2), M CCcv,os refers to the MCC values of
the validation sets in the cross-validation. Lastly, the ALLscore is defined as follows:
ALLscore =
mean(Aos,cv ) − std(Aos,cv ) +
mean(Pos,cv ) − std(Pos,cv ) +
mean(Sos,cv ) − std(Sos,cv ) +
mean(SP Cos,cv ) − std(SP Cos,cv ) +
mean(M CCos,cv ) − std(M CCos,cv ),

(4.12)

where P, S and SPC are as introduced in (2.3), (2.4) and (2.5) respectively. The idea
with all these scores is to maximize the expected value (the cross-validation mean)
while minimizing the uncertainty given by the standard deviation. The expected
value should as explained in section 3.5.1 represent the expected performance. In
section 3.5.1, the K-fold cross-validation represents the expected prediction error.
Since the prediction error is 1 - accuracy, the expected accuracy can be derived by
subtracting the expected prediction error from 1. Since the accuracy is a measure
constructed from the predicted and actual sign of returns, other similar constructs
such as MCC, precision, sensitivity and specificity can be used to represent the
performance. In finance good accuracy does not necessarily indicate good portfolio
performance. For instance a model with high accuracy, i.e. close to 1 and low sensitivity would mean that the majority of returns are negative and that the positive
ones are captured poorly. Now if the positive returns are of greater magnitude than
the negative ones, this model would perform poorly. It is therefor desirable to have
a measure that captures how well the positive and negative class is captured at the
same time. The same goes with MCC, a high MCC and low sensitivity or specificity
for example could well suffer from the same short commings. This is why ALLscore
is potentially a more viable score than the both previously introduced. The viability
of these scores will be studied in order to find models that shows good mechanical
and portfolio performance over the walk-forward scheme.
Having obtained optimal parameters for all kernels through the SA, the process
continues by increasing the complexity of the kernel functions by combining them
through suitable MKL techniques described in sector 3.4. The techniques of interest
in this study are the Kernel Alignment-Based MKL (AMKL) since they show good
relative performance in comparison to the other MKL techniques as presented in
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the study of Zare et al. (2014) and since they are independent of the optimization
problem of the base learners. All three presented methods, i.e. the conic, ratio and
convex AMKL will be investigated since they constrict the kernel weights differently
and more importantly, they optimize them differently. To solve the optimization
problems formulated in these an optimization toolbox by the name of MOSEK will
be used.
For each period in the walk-forward scheme the cross-validation data is used to decide the weights of the kernels. Having the weights the kernels are combined linearly
creating a new kernel. The C parameter is then tuned using the SA procedure described earlier. The combined kernel is then evaluated in same fashion as the single
kernels on the test set. The validation procedure can be seen in figure 4.7 below.

Figure 4.7: An overview of the validation procedure in one window for one base learner
and kernel or combined kernel.

Carrying out the validation on the test set in the manner described in figure 4.7,
simulates a situation where the most recent information is always involved when
constructing the separating hyperplane of the classifiers. The motivation for carrying
out the validation in this fashion is that using as much relevant information as
possible would be the most rational to do in a live situation, since as previously
mentioned recent financial data is potentially more important for the future than
distant historical data.

4.3

Phase 3

The third phase focuses on studying the models’ robustness to noise for financial
time series, in similar fashion as Kampouraki et al. (2006). Here the best performing
model and kernels on the test set with corresponding parameters will be used for each
model and period of the walk-forward scheme. Then white Gaussian noise is added
to the input parameters i.e. the z-scores of the principal components extracted in
phase 1. Mathematically, this becomes:
yi,noise = yi + i

i = 1, . . . , N

(4.13)

where yi and i is the signal value and white Gaussian noise with zero mean and a
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variance of σ 2 . The signal to noise ration is then calculated as:
N
P

2!

|yi |
P

signal
i=1
SN R = 10log
= 10log N
P 2
Pnoise
|i |

(4.14)

i=1

Six tests for each model will be performed where the standard deviation of the noise
is chosen so that the signal-to-noise ratio (SNR) is decreased linearly between each
test starting from 10 and finishing at 0 db in the final test. This test is conducted
on all periods of walk-forward scheme using both the single kernel and combined
kernel that generally have performed the best over all periods in the walking-forward
scheme. The test results will then be evaluated against the performance of the original signal without added noise to investigate whether the classification performance
have decreased significantly when adding significant amount of noise. It will also
be investigated whether the performance decreases somewhat linearly as the SNR
decreases linearly. No parameter tuning will be carried out here, instead the best
performing models of each period are used for all base learners.
In this test, for each classifier, only the models with best test accuracy in each
window will be analyzed. Whereas the test accuracy with noise is presented and
compared to the test accuracy without noise.

4.4

Method Criticism

Using 5 years of testing data might be rather large. In a better scenario, we would
as each new data point becomes available, role or expand the walk-forward window
and then optimize parameters anew through SA. This way we would account for the
new information. But since this would require immense computer resources we are
satisfied with only retraining the weights of the soft margin classifier each month
while holding the parameters constant for each 5 year period. By doing this, we
do not deviate from the purpose of the study. Since we treat the data, parameter
tuning and all stages previous to the parameter tuning equally, the performance of
all soft margin classifiers are comparable and the best performing model at each
time point can be selected.
Similar criticism, regarding the length of the sets, can be directed against the crossvalidation procedure, window size and the number of folds. In using 45 years of
cross-validation data and 5 folds, each fold contain 9 years of validation data. This
means that for each new parameter set of soft margin classifier and kernel, the resulting model is trained once using 36 years of data and then classifies the 9 future
years without accounting for new information after those 36 years. For financial
time series 9 years could be a long time since distribution of the time series will
likely change thanks to the non-stationarity property. On the other hand, finding
a model that over a 9 year period generalize well on all folds, could be expected
to generalize well on a shorter period. This should be true in finance since recent
historical data provide more information than distant historical data (Cao, Chue
& Guan, 2003). The extremest case here would be to use a leave-one-out crossAbo Al Ahad, G. & Salami, A.
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validation where each 45 years of cross-validation data (540 data points) would be
split in 540 folds and then validated on each of these folds. This will require considerable computer resources and according to Hastie et al. (2009) might only slightly
give a better view on the expected prediction error since the training sets still are
relatively large, and in worse case would give an overestimate of the true expected
prediction error. Either of the cases will not affect the results considerably. On the
other hand, a cost of using more folds is a higher variance, and since the SA method
aims to maximize the average prediction performance measured by MCC without
considering the variance, a higher variance is undesirable.
Some criticism regarding the SA method and its corresponding parameters can be
lifted. The energy function, the average cross-validation MCC might not directly
mean minimizing the prediction error for the classifiers, since it describes the correlation between predicted versus observed outcomes. While using accuracy would
better depict the prediction error, a high accuracy does not necessarily mean a good
performance since financial time series can be highly imbalance at times. Further,
the variance of the prediction performance is not taken into account, meaning that
some folds might have high performance, while others might be lower. Since this
presents some uncertainty in how the classifier will perform on the test set, chances
are that it performs like the worse of the folds. Therefor it might be convenient to
minimize the variance while maximizing the average MCC in the cross-validation.
However, as explained in 3.5.1, the average outcome of the K validations alone
should reflect the expected performance of the classifier and therefor we use only
the average here.
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Chapter 5
Results & Analysis
This chapter presents the results of this study along with an analysis of the elaborated framework. Results that are relevant to the fulfillment of the objective and
research questions of the study are presented, evaluated and analyzed.

5.1

Prediction

The most vital underlying step of the prediction phase is to acquire suitable parameters for the classifiers and kernel functions given the extracted features from the
data processing phase. Henceforth, the entire process, i.e. finding suitable parameters and predicting, will be termed as the framework in this section. Furthermore,
a soft margin classifier together with a kernel function and a set of suitable parameters contained in the framework will be addressed as a model. Moreover, to
distinguish between out-of-sample data in the cross-validation procedure and in the
walk-forward procedure, the out-of-sample sets in the cross-validation are referred
to as validation sets while the out-of-sample set in a walk-forward window is referred
to as test set.

5.1.1

Model selection methods

Once suitable parameters are generated from the SA process described in chapter 4
and the performance of the corresponding models have been evaluated according to
the performance metrics described in chapter 2, a model selection is performed where
the model that is expected to have the best predictive performance in the future
is chosen. Three different methods are used separately to find the best performing model, namely the ACCscore , M CCscore and ALLscore as introduced in (4.10),
(4.11) and (4.12). The model with the highest score value is chosen during each
window depending on the chosen method. The idea behind the score value is that it
should reflect the expected performance of the model on the test set. The expected
performance is defined in terms of respective score. That is, a model that shows
the highest ACCscore on the validation sets of the cross-validation is expected to
demonstrate greatest performance in terms of ACCscore on the test set. The same
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applies for M CCscore and ALLscore .

5.1.2

Results and Analysis of the Model selection methods

The results presented in figure 5.1, 5.2 and 5.3 displays the selected model in each
walk-forward window, the predictive ability in terms of total return of the whole
framework following the three earlier mentioned methods respectively, the significance of the models’ accuracy during each window and Jensen’s alpha denoted as
α . The accuracy of each model and Jensen’s alpha are subject to the significance
tests described in section 2.1.1 where Ss constitutes the result from the mechanical
significance test and Sα is the corresponding two tailed t-test for Jensen’s alpha.
Ss = 0 indicates that the accuracy of the models’ predicted outcome fell below the
95th percentile of the accuracy distribution generated from the 1000 prediction series
made by the basic strategy described in section 2.1.1 and Ss = 1 indicates that the
accuracy of the predicted values fell on or above the 95th percentile, thus indicating
that the model is a significantly better choice than the basic strategy. The two
tailed t-test tests whether the Jensen’s alpha’s are drawn from a population with
zero mean which represents the null hypothesis and is indicated by Sα = 0, and if
enough evidence is given such that alpha does not come from a population of zero
mean, it is indicated by Sα = 1.
Furthermore, in order to avoid look ahead bias in the framework, the highest score
values generated from the test sets (the out-of-sample set in a walk-forward window) are not included during the election of models in each window during the whole
walk-forward process. Thus, the framework is managed as if it were running today
to predict the outcome of the coming month for the whole period.

Figure 5.1: Total return based on predictions made by models
selected by the M CCscore method vs total return of the US
Equity market - Risk free rate.
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Figure 5.2: Total return based on predictions made by models
selected by the ACCscore method vs total return of the US
Equity market - Risk free rate.

Figure 5.3: Total return based on predictions made by models selected by the ALLscore
method vs total return of the US Equity market - Risk free rate.

It can almost be visually concluded that the M CCscore and ACCscore model selection methods performs poorly from a portfolio performance perspective over the long
run just by looking at figure 5.1 and 5.2 and comparing them to figure 5.3. Even
though the initial impression is that the M CCscore and ACCscore selection methods
are not sustainable while ALLscore is, a more thorough analysis of the outcomes is
needed to identify and conclude the most viable model selection method. This is
due to the possibility of a model having high accuracy while still generating a low
return. This follows from that the framework is built to predict binary outcomes
regarding the sign of return of the assets and does not have the ability to distinguish
between the size of the returns. To gain a deeper understanding of the performance
of the above figures, values from the performance measurements (both in mechanical and portfolio performance terms) that have been the basis of the evaluation of
the models in the framework are presented in tables 5.2, 5.3 and 5.4. The following
order applies to the presentation of the mechanical performance measurements: the
mean plus-minus the standard deviation of the out-of-sample cross-validation results
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(first row), the in-sample mean plus-minus the standard deviation of the in-sample
cross-validation results (second row) and finally the results of the test sets (third
row). This enables a comparison between the cross-validation performance of the
chosen model and its corresponding performance on the test set. It also facilitates
the understanding of the generalization ability, meaning how well the framework
performs once new data is presented, for each model. The mechanical performance
metrics are followed by the portfolio performance metrics which are evaluated on
the test set. These values emphasize the development of the portfolio based on the
predictions.
Furthermore, the ratio of monthly positive returns in the US equity premium to the
total number of months for respective period depicted in 4.2 can be seen in table
5.1. This is used as a reference to determine whether the accuracy is good or bad.
It is desirable to have an accuracy that is greater than the ratio of monthly positive
returns on the test set during a given period. This is preferable since it indicates
that the framework (with chosen selection method) beats a strategy where only long
position are taken, accuracy wise.
Window1 Window2
Ups Train
Ups Test

0.611
0.466

0.600
0.533

Window3

Window4

Window5

Window6

Window7

Window8

Window9

0.588
0.550

0.596
0.600

0.583
0.716

0.592
0.583

0.583
0.600

0.575
0.566

0.574
0.710

Table 5.1: Ratio of months with positive returns in the US equity premium to the total
number of months in each window.

5.1.2.1

In depth analysis of the M CCscore model selection method
Window1

Window2

Window3

Window4

Window5

Window6

Window7

Window8

Window9

Model
Kernel

FSVM
Periodic

FTSVM
MDAC0

RVM
Ratio

FSVM
MDAC1

FSVM
Gamma-Rat

RVM
Rbf

SVM
Periodic

PKSVM
Periodic

SVM
Rbf

MCC

0.133 ± 0.054
0.621 ± 0.023
0.196
0.598 ± 0.029
0.822 ± 0.011
0.583
0.651 ± 0.039
0.815 ± 0.015
0.538
0.724 ± 0.057
0.913 ± 0.008
0.750
0.390 ± 0.047
0.674 ± 0.035
0.437

0.126 ± 0.048
0.204 ± 0.045
-0.193
0.618 ± 0.052
0.637 ± 0.011
0.400
0.615 ± 0.067
0.658 ± 0.017
0.423
0.963 ± 0.032
0.825 ± 0.055
0.343
0.097 ± 0.059
0.352 ± 0.093
0.464

0.090 ± 0.049
0.990 ± 0.005
-0.116
0.557 ± 0.026
0.995 ± 0.002
0.683
0.599 ± 0.070
0.996 ± 0.004
0.706
0.829 ± 0.206
0.996 ± 0.002
0.953
0.218 ± 0.214
0.994 ± 0.006
0

0.145 ± 0.027
0.469 ± 0.037
-0.090
0.588 ± 0.050
0.748 ± 0.020
0.55
0.637 ± 0.091
0.748 ± 0.025
0.571
0.765 ± 0.154
0.874 ± 0.011
0.914
0.362 ± 0.180
0.568 ± 0.032
0.040

0.081 ± 0.013
1
0.054
0.527 ± 0.032
1
0.533
0.622 ± 0.089
1
0.625
0.580 ± 0.183
1
0.555
0.498 ± 0.196
1
0.500

0.102 ± 0.050
0.711 ± 0.031
0.284
0.555 ± 0.018
0.859 ± 0.015
0.650
0.619 ± 0.070
0.862 ± 0.012
0.685
0.623 ± 0.074
0.904 ± 0.025
0.705
0.479 ± 0.091
0.804 ± 0.015
0.576

0.073 ± 0.048
0.194 ± 0.038
0
0.581 ± 0.054
0.613 ± 0.005
0.710
0.580 ± 0.054
0.601 ± 0.003
0.710
0.961 ± 0.077
0.975 ± 0.015
1
0.061 ± 0.088
0.125 ± 0.053
0

Sharpe

0.533
( -0.124 )

-0.375
( 0.058 )

0.588
( 0.615 )

-0.730
( 0.356 )

0.973
( 1.150 )

0.290
( 0.242 )

0.030
( 0.377 )

1.115
( -0.050 )

1.411
( 1.411 )

Sortino

0.800
( -0.193 )

-0.680
( 0.077 )

1.067
( 1.198 )

-0.841
( 0.369 )

1.598
( 1.820 )

0.437
( 0.351 )

0.044
( 0.497 )

2.223
( -0.068 )

2.087
( 2.087 )

Calmar

1.410
( 0.679 )

0.802
( 1.612 )

1.840
( 2.141 )

0.615
( 1.274 )

2.950
( 4.617 )

1.034
( 1.015 )

1.383
( 1.366 )

3.030
( 0.708 )

4.644
( 4.644 )

MaxDrawDown

0.286
( 0.529 )

0.432
( 0.230 )

0.218
( 0.188 )

0.519
( 0.309 )

0.135
( 0.087 )

0.375
( 0.379 )

0.266
( 0.282 )

0.148
( 0.514 )

0.091
( 0.091 )

ACC

Prec

Sens

Spec

0.109 ± 0.030 0.091 ± 0.034
0
0.902 ± 0.026
0.179
-0.231
0.588 ± 0.039 0.542 ± 0.027
0.879 ± 0.020 0.953 ± 0.011
0.600
0.383
0.623 ± 0.069 0.633 ± 0.118
0.879 ± 0.020 0.964 ± 0.011
0.615
0.482
0.742 ± 0.118 0.600 ± 0.121
1
0.955 ± 0.013
0.727
0.388
0.352 ± 0.137 0.485 ± 0.146
0
0.946 ± 0.024
0.444
0.375

Table 5.2: Performance of models selected by the M CCscore strategy on the test set.
Values in parenthesis represent indicators of the US equity premium returns.

As it has been explained earlier, the choice of models that have been made by the
M CCscore strategy is solely based on the MCC value and its standard deviation.
MCC is a correlation coefficient between observed and predicted binary classifications where a coefficient of +1 indicates a perfect prediction, -1 indicates the worst
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possible prediction and 0 indicates that the model performs randomly or as introduced, the model has only predicted one class. It is regarded as a balanced measure
which can be utilized even if the classes (positive & negative) are of different sizes.
To distinguish between the ambiguous meaning of a MCC value of 0, one has to
examine the values of sensitivity, specificity, accuracy and precision. If only positive
signs of return have been predicted by a model throughout the period, a sensitivity
value of 1 is acquired (accuracy of positive samples is 100%), specificity value of 0
(accuracy of negative samples is 0%) and a precision value (accuracy of all samples
predicted as positive) that is equal to the accuracy. Further, when a model only
predicts the negative class, a sensitivity value of 0 is obtained followed by a specificity value of 1 while precision remains undefined since division by zero occurs.
Interesting characteristics of the predicted graph of the US Equity Market that can
be observed in figure 5.1 are for instance how well the framework manages to identify
and predict downward trends and their turning points. This is showcased during the
first window (year 1972) and window 8 (year 2008), where the fsvm-periodic model
(window 1) initially follows the market movements identically but soon detects the
down-sloping pattern and advises short positioning. Subsequently, at the turning
point around year 1975, the algorithm continues to short the market for a while,
until it detects that the market has shifted its sentiment and begins taking more
long positions. The period from year 1988 to 1995 proved to be more difficult to
predict, which is evident in the figure. Overall, the framework together with the
strategy seem to have succeeded in capturing the market movements in a satisfying
manner.
However, it is also clear that only the last two windows are significant (see Ss = 1)
regarding the accuracy which indicates that there is not always enough evidence
that the framework is better than the basic strategy described in section 2.1.1. This
is further strengthened by looking at the test set values in table 5.2 (third row of
accuracy) and comparing them with the values in table 5.1 (ups test) where it is
clearly shown that the accuracy in window 2, 4, 5, 6 and 7 are inferior to the ones
presented in table 5.1 for the corresponding period. The predicted accuracy values
of the mentioned windows are: 0.4, 0.383, 0,683, 0.55 and 0.533 which is compared
to the ratio of months with positive returns during the same windows: 0.533, 0.600,
0.716, 0.583 and 0.600. This indicates that the framework combined with the chosen selection method is weak in this sense, but the accuracy values are for the most
part still congruous with previous studies in the field. Windows containing results
that diverge from earlier studies are 2 and 4 while the results from window 1, 3,
8 and 9 are satisfying. The accuracy values in these windows on the test sets are
0.583, 0.600, 0.65 and 0.710, which means that the models in respective window
have predicted 58.3%, 60%, 65% and 71% of the sign of return of the 60 months of
each period (and 69 months in window 9) correctly. In addition to the above, it is
important to notice that the framework has predicted all sign of returns as positive
in window 9 which has contributed to MCC being 0 (third row of MCC) for that
period, while the sensitivity and specificity is 1 and 0 respectively. A sensitivity
value of 1 means that out of all positive sign of return samples, 100% have been
predicted correctly. A specificity value of 0 means that out of all negative sign of
return samples, 0% have been correctly predicted. A well performing model, from
Abo Al Ahad, G. & Salami, A.

78

Soft Margin Classifiers for Predicting the Sign of Return on Financial Assets

a mechanical performance perspective, will have values close to 1 on all mechanical
performance metrics. Conversely, a poorly performing model has values close to 0
for all metrics except for MCC which has a value close to -1.
When analyzing the portfolio performance metrics it is desirable to have a as high
Sharpe, Sortino and Calmar ratio as possible, while the maximum drawdown should
be as close to 0 as possible. In this study, we are satisfied if the ratios are better
than the US equity premium’s ratios shown in parenthesis in for instance table 5.2.
Analyzing the portfolio performance metrics of the table in question, the same pattern as for the accuracy above is evident by looking at the Sharpe, Sortino, Calmar
and Max drawdown ratios of the windows, with an exception for window 3, 6 and 7.
That is, all ratios are better than the equity premium’s ratios in window 1, 6 and
8, while the contrary is true for the rest of the windows and the ratios are equal in
window 9. For instance, in window 1 the Sharpe ratio is 0.533 for the selected model
while it is -0.124 for the US equity premium returns. In window 7, the Calmar and
maximum drawdown ratios are slightly better than the US equity premium’s, while
the Sharpe ratio and Sortino ratios are poorer. The values of the ratios, in the order
they are presented, in comparison to the US equity premium’s are: 0.030, 0.044,
1.383, and 0.266 in comparison to 0.377, 0.497, 1.366 and 0.282. In conclusion, the
selection method seem to work fine at times while a poor performance is shown
during other periods, especially in window 2 and 4, making the framework too risky
to use with current selection method.

5.1.2.2

In depth analysis of the ACCscore model selection method
Window1

Window2

Window3

Window4

Window5

Window6

Window7

Window8

Window9

Model
Kernel

FTSVM
MDAC0

FSVM
Periodic

FTSVM
Periodic

RVM
Rational-Quad

FTSVM
Polynomial

FTSVM
Rbf

RVM
Gamma-Rat

FTSVM
MDAC1

RVM
Rbf

MCC

0.124 ± 0.090
0.096 ± 0.016
0.165
0.627 ± 0.030
0.605 ± 0.012
0.566
0.636 ± 0.034
0.634 ± 0.014
0.525
0.915 ± 0.110
0.835 ± 0.051
0.750
0.164 ± 0.184
0.241 ± 0.067
0.406

0.129 ± 0.101
0.340 ± 0.046
-0.248
0.616 ± 0.035
0.693 ± 0.017
0.383
0.619 ± 0.060
0.678 ± 0.018
0.428
0.937 ± 0.045
0.930 ± 0.025
0.468
0.134 ± 0.060
0.334 ± 0.096
0.285

0.149 ± 0.114
0.166 ± 0.011
0.144
0.607 ± 0.038
0.611 ± 0.015
0.566
0.633 ± 0.090
0.641 ± 0.011
0.629
0.863 ± 0.143
0.769 ± 0.089
0.515
0.253 ± 0.249
0.381 ± 0.106
0.629

0.055 ± 0.096
0.087 ± 0.027
-0.107
0.598 ± 0.074
0.939 ± 0.014
0.500
0.613 ± 0.094
0.934 ± 0.021
0.568
0.887 ± 0.115
0.964 ± 0.019
0.694
0.163 ± 0.179
0.900 ± 0.030
0.208

0.091 ± 0.093
0.215 ± 0.036
-0.057
0.590 ± 0.028
0.632 ± 0.014
0.633
0.602 ± 0.051
0.649 ± 0.014
0.705
0.879 ± 0.059
0.801 ± 0.076
0.837
0.184 ± 0.092
0.388 ± 0.106
0.117

0.088 ± 0.077
0.168 ± 0.017
-0.033
0.592 ± 0.016
0.610 ± 0.014
0.550
0.623 ± 0.054
0.652 ± 0.010
0.576
0.782 ± 0.128
0.736 ± 0.052
0.857
0.302 ± 0.184
0.428 ± 0.057
0.120

0.029 ± 0.100
0.083 ± 0.099
0
0.583 ± 0.065
0.917 ± 0.054
0.600
0.585 ± 0.070
0.878 ± 0.074
0.600
0.984 ± 0.021
0.994 ± 0.010
1
0.022 ± 0.022
0.800 ± 0.136
0

0.067 ± 0.106
0.096 ± 0.122
0.096
0.601 ± 0.039
0.572 ± 0.079
0.550
0.596 ± 0.042
0.601 ± 0.051
0.612
0.905 ± 0.129
0.942 ± 0.085
0.558
0.150 ± 0.209
0.139 ± 0.199
0.538

0.082 ± 0.122
0.443 ± 0.034
-0.031
0.570 ± 0.029
0.731 ± 0.015
0.652
0.596 ± 0.042
0.738 ± 0.017
0.704
0.767 ± 0.176
0.829 ± 0.019
0.877
0.298 ± 0.175
0.601 ± 0.049
0.100

Sharpe

0.245
( -0.124 )

-0.599
( 0.058 )

-0.025
( 0.615 )

-0.442
( 0.356 )

0.896
( 1.150 )

0.252
( 0.242 )

0.377
( 0.377 )

0.491
( -0.050 )

1.062
( 1.411 )

Sortino

0.321
( -0.193 )

-1.015
( 0.077 )

-0.032
( 1.198 )

-0.481
( 0.369 )

1.523
( 1.820 )

0.373
( 0.351 )

0.497
( 0.497 )

0.908
( -0.068 )

1.649
( 2.087 )

Calmar

1.378
( 0.679 )

0.585
( 1.612 )

1.197
( 2.141 )

0.705
( 1.274 )

2.632
( 4.617 )

1.127
( 1.015 )

1.366
( 1.366 )

1.400
( 0.708 )

3.853
( 4.644 )

MaxDrawDown

0.279
( 0.529 )

0.572
( 0.230 )

0.306
( 0.188 )

0.477
( 0.309 )

0.151
( 0.087 )

0.374
( 0.379 )

0.282
( 0.282 )

0.288
( 0.514 )

0.106
( 0.091 )

ACC

Prec

Sens

Spec

Table 5.3: Performance of models selected by the ACCscore strategy on the test set.
Values in parenthesis represent indicators of the US equity premium returns.

The choice of models that have been made by the ACCscore strategy is solely based
on the mean and standard deviation values of the accuracy of the models during
each window. It is the most commonly used performance metric where the number
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of times the algorithm correctly predicts a positive or negative sign of return to
the total number of predictions is measured. The desire is to achieve a value of
1 or as close as possible to 1. An accuracy value that is greater than the ratio of
ups, see table 5.1, of the corresponding window is considered acceptable in this study.
A comparison between the accuracy values (third row of ACC) generated by the
selected models in table 5.3 with the ratio of months with positive returns (ups
test) in table 5.1 displays that the framework together with the strategy failed to
outperform the results in table 5.1 during window 2, 4, 5 ,8 and 9, where the compared results are 0.383, 0.500, 0.633, 0.550 and 0.652 from the models against 0.533,
0.600, 0.716, 0.566 and 0.710. This is also visually evident to a certain degree by
only observing figure 5.2.
Furthermore, a comparison between the MCC values of the models acquired by the
ACCscore strategy with the MCC values of the models chosen by the M CCscore strategy shows that the models chosen by the M CCscore not only outperform the models
picked by ACCscore by the MCC values, but also have higher accuracy values in all
but two windows. This demonstrates the importance of taking data class imbalances
under consideration and the deteriorated impact it has on the results when being
neglected, i.e. when only considering accuracy as the performance metric. The majority of articles that have been researched during this study have used accuracy as a
decisive factor regarding how a model performs. However, since financial time series
of returns generally have more periods of positive returns than negative, causing
imbalance of classes in the data set, accuracy alone is not a good metric, which can
be concluded from the results above.
Continuing by analyzing the portfolio performance metrics in table 5.3, it is apparent
that the election of less advantageous models have led to a decreased improvement
compared to the results achieved in table 5.2 as a result of the mentioned reasons
above.
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5.1.2.3

In depth analysis of the ALLscore model selection method
Window1

Window2

Window3

Window4

Window5

Window6

Window7

Window8

Window9

Model
Kernel

FSVM
Periodic

FTSVM
MDAC0

RVM
Rational-Quad

FTSVM
Linear

FTSVM
Polynomial

FTSVM
Linear

PKSVM
MDAC0

PKSVM
Periodic

PKSVM
gammarat

MCC

0.133 ± 0.054
0.621 ± 0.023
0.196
0.598 ± 0.029
0.822 ± 0.011
0.583
0.651 ± 0.039
0.815 ± 0.015
0.539
0.724 ± 0.057
0.913 ± 0.008
0.750
0.390 ± 0.047
0.674 ± 0.035
0.437

0.126 ± 0.048
0.204 ± 0.045
-0.193
0.618 ± 0.052
0.637 ± 0.011
0.400
0.615 ± 0.067
0.658 ± 0.017
0.423
0.963 ± 0.032
0.825 ± 0.055
0.343
0.097 ± 0.059
0.352 ± 0.093
0.464

0.128 ± 0.103
0.854 ± 0.058
0.039
0.618 ± 0.051
0.928 ± 0.029
0.550
0.612 ± 0.063
0.925 ± 0.033
0.558
0.947 ± 0.038
0.974 ± 0.010
0.878
0.138 ± 0.106
0.886 ± 0.056
0.148

0.071 ± 0.065
0.085 ± 0.061
0
0.601 ± 0.098
0.604 ± 0.020
0.600
0.600 ± 0.098
0.602 ± 0.022
0.600
0.997 ± 0.006
0.997 ± 0.003
1
0.020 ± 0.023
0.025 ± 0.025
0

0.091 ± 0.093
0.215 ± 0.036
-0.057
0.590 ± 0.028
0.632 ± 0.014
0.633
0.602 ± 0.051
0.649 ± 0.014
0.706
0.879 ± 0.059
0.801 ± 0.076
0.837
0.184 ± 0.092
0.388 ± 0.106
0.117

0.107 ± 0.025
0.211 ± 0.038
0
0.600 ± 0.063
0.634 ± 0.016
0.583
0.610 ± 0.084
0.625 ± 0.017
0.583
0.927 ± 0.047
0.965 ± 0.022
1
0.139 ± 0.090
0.157 ± 0.074
0

Sharpe

0.533
( -0.124 )

-0.375
( 0.058 )

0.708
( 0.615 )

0.356
( 0.356 )

0.896
( 1.150 )

0.242
( 0.242 )

0.341
( 0.377 )

1.115
( -0.050 )

1.411
( 1.411 )

Sortino

0.800
( -0.193 )

-0.680
( 0.077 )

1.380
( 1.198 )

0.369
( 0.369 )

1.523
( 1.820 )

0.351
( 0.351 )

0.455
( 0.497 )

2.223
( -0.068 )

2.087
( 2.087 )

Calmar

1.410
( 0.679 )

0.802
( 1.612 )

2.444
( 2.141 )

1.274
( 1.274 )

2.632
( 4.617 )

1.015
( 1.015 )

1.360
( 1.366 )

3.030
( 0.708 )

4.644
( 4.644 )

MaxDrawDown

0.286
( 0.529 )

0.432
( 0.230 )

0.166
( 0.188 )

0.309
( 0.309 )

0.151
( 0.087 )

0.379
( 0.379 )

0.282
( 0.282 )

0.148
( 0.514 )

0.091
( 0.091 )

ACC

Prec

Sens

Spec

0.022 ± 0.051 0.102 ± 0.050
0.088 ± 0.100 0.711 ± 0.031
-0.106
0.284
0.585 ± 0.072 0.555 ± 0.018
0.594 ± 0.016 0.859 ± 0.015
0.583
0.650
0.584 ± 0.072 0.619 ± 0.070
0.591 ± 0.016 0.862 ± 0.012
0.593
0.686
1
0.623 ± 0.074
1
0.904 ± 0.025
0.972
0.705
0.004 ± 0.009 0.479 ± 0.091
0.032 ± 0.035 0.804 ± 0.015
0
0.576

0.061 ± 0.076
0.879 ± 0.043
0
0.579 ± 0.058
0.938 ± 0.022
0.710
0.577 ± 0.057
0.905 ± 0.032
0.710
0.997 ± 0.006
1
1
0.018 ± 0.020
0.855 ± 0.062
0

Table 5.4: Performance of models selected by the ALLscore strategy on the test set.
Values in parenthesis represent indicators of the US equity premium returns.

ALLscore is the only method of the three presented model selection methods that
displays results that can be considered as stable and good both visually and with
respect to the total return. The score value that this method utilizes to determine
which model to choose during each window consists of the follow metrics: accuracy,
precision, sensitivity, specificity, MCC and standard deviation. The aim of this
method is to investigate whether better results can be obtained or not if consideration of more factors is taken. The M CCscore method proved to be more sustainable
than the ACCscore method, with the reason being that is also considers class imbalances in the data, thus ALLscore is believed to be even better. This is so far
confirmed visually, however a deeper analysis is needed.
We initiate the in-depth analysis of this method by examining the accuracy results
obtained by the models chosen by this method. In order to do so, a summarized
overview of the accuracy values of respective model selection method and the ratio
of months with positive returns during each window throughout the period is presented in the table below.
M CCscore
ACCscore
ALLscore
U pstest

0.583
0.566
0.583
0.466

0.400
0.383
0.400
0.533

0.600
0.566
0.550
0.550

0.383
0.500
0.600
0.600

0.683
0.633
0.633
0.716

0.550
0.550
0.583
0.583

0.533
0.600
0.583
0.600

0.650
0.550
0.650
0.566

0.710
0.652
0.710
0.710

Table 5.5: An summarizing overview of the test set accuracy values of models selected
through the three different model selection methods and the ratio of months with positive
returns.

Beginning the comparison with the results from the M CCscore models, it can be
seen that the ALLscore models perform equally good in 4 windows, better in 3 while
underperforming in 2. However, the accuracy is still comparable during the winAbo Al Ahad, G. & Salami, A.
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dows where ALLscore has underperformed, while a noticeable difference can be seen
in window 4 where ALLscore is superior (38.8% to 60%). Thus, indicating that the
ALLscore method is to prefer accuracy wise. Continuing the comparison with the
results of models from ACCscore , it can be observed that the models from ALLscore
perform equally in 1 window, better in 6 while underperforming in 2. Once again
indicating that the ALLscore method is to prefer. Finally, comparing the results
from ALLscore to the ones from ups test shows that ALLscore perform equally in 4
windows, better in 2 while underperforming in 3. This indicates that a strategy of
only using long positions would be better in this case. However, it is once again important to notice that the results, of those models that underperform, remain very
close to the ones from ups test and that the possibility of capturing negative returns
exist with the method combined with the framework. Even though, similarly to
MCC, only the last two windows are significant regarding the accuracy, ALLscore
has proven to be a better method of the ones studied.
To further investigate the framework’s ability of capturing the positive and negative
class movements, a closer look of the results regarding the sensitivity and specificity
is made. The results in table 5.4 indicates that the framework has a great capability
in capturing the positive class movements while the negative movements have not
been as successfully captured. This is interpreted by observing sensitivity values
equal to or close to 1 on the test sets (third row of Sens), while the specificity values
are considerably lower for the majority of models presented in the table. For instance, in window 1, the sensitivity is 75% while specificity is 43.7%, meaning that
the model has predicted 75% of the positive class correctly and 43.7% of the negative
class correctly in relation to the total amount in respective class. This is believed
to be caused due to the imbalance of positive versus negative samples that exists
in the training sets as can be seen in table 5.1. The imbalance tend to drive the
decision boundary toward the minority class which drives the classifier to classify
more points as positive, as it reduces the average error in training. By classifying a
greater amount of negative points as positive tends to reduce the value of precision
in relation to sensitivity, which is also evident by looking at the values (third row
of Prec and Sens).
Analyzing the specificity closer by looking at the values presented in table 5.6 below
shows that the ALLscore selection method has a slightly poorer ability in capturing
the negative class in comparison to M CCscore and ACCscore . This is a bit reversed
from our hypothesis that ALLscore would consider the negative class more. The
M CCscore models generally capture the negative class the best out of the three selection methods. But although the negative class is not captured as well for the
ALLscore models, the selected models seem to be biased towards the positive class
at periods of good upwards movement except for window 6 which covers the dot-com
bubble. For instance, in window 4 (year 1987 - 1992), there is a correction in the
market in the beginning of the period, which is followed by a steady increase. A similar pattern is prominent in window 7 (year 2002 - 2007), which suffers corrections
from the dot-com bubble in the beginning of the period, but is then followed by a
steady increase. Finally, in the last window (year 2012 - 2017), a long only strategy
have been very rewarding, as advised by the selected models. In conclusion, the
ALLscore selection method seem to capture more balanced models, rather than the
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spike on best on some metric, regarding their performance. This is believed to be
because it considers all performance metrics, aiming to simultaneously maximizing
them.
M CCscore
ACCscore
ALLscore

0.437 0.464 0.444 0.375 0.000 0.040 0.500 0.576 0.000
0.406 0.285 0.629 0.208 0.117 0.120 0.000 0.538 0.100
0.437 0.464 0.148 0.000 0.117 0.000 0.000 0.576 0.000

Table 5.6: An sumarizing overview of the test set specificity values of models selected
through the three different model selection methods.

The generalization ability, meaning how well the framework performs once new
data is presented, can be interpreted from the in- and out-of-sample accuracy values
from the cross-validation presented in table 5.4 (second and first row of ACC). The
framework displays overfitting traits in window 1, 3, 8 and 9 where the in-sample
accuracy values are high while the out-of-sample accuracy values are considerably
lower. However, the models are considered acceptable since they demonstrate comparable results regarding the validation and test sets. Further, traits of decent
generalization capability can be observed in window 4, 5, 6 and 7 where the insample cross-validation accuracy values are well reflected in the accuracy values on
the validation sets and test sets. However, this could well be labeled as cases of
underfitting since the in-sample accuracy values are very close to the number of ups
presented in table 5.1. They are still slightly better and depending on the returns of
the return distribution this could be considered good from a portfolio performance
perspective. If the model manages to classify as many samples as there are positive samples but also the most extreme ones, then from a portfolio performance
perspective, this will be better than only taking long positions. A deeper analysis
of the portfolio performance metrics presented in table 5.4 reveals that the Sharpe,
Sortino, Calmar and Maximum drawdown results are not consistently better than
the ones of the US Equity premium returns in all windows. This indicates that even
though the generalization ability might be acceptable it does not necessarily mean
that it will have an positive impact on the portfolio performance metrics. Overall,
the model selection method demonstrates acceptable generalization abilities.

5.1.3

ALLscore selection method performance based on individual Soft Margin Classifiers

During the above sections of this chapter, the results of selecting models based on
three different strategies have been presented, analyzed and discussed where the
ALLscore model selection method proved to be better. The method takes important
factors into account that the others do not, which has shown to have an effect on
the performance of the framework.
In order to further analyze this method, this section will present the results obtained
when this method has been applied to individual soft margin classifiers where the
selection of kernels from table 4.1 has now been in focus. This means that the kernel function that is believed to be able to perform the best together with the soft
margin classifier has been chosen during each window throughout the period. The
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performance of each classifier is depicted below along with a figure demonstrating
the accuracy and MCC values from each window.

Figure 5.4: Total return of SVM
models selected on ALLscore vs total
return of the US Equity Market Risk free rate.

Figure 5.5: Accuracy and MCC of
SVM vs framework for models selected on ALLscore .

From figure 5.4, the deteriorated performance from the framework is instantly noticed. To further investigate the mechanical performance, accuracy values and MCC
values of models selected through the framework are compared to accuracy and MCC
values of the SVM models in figure 5.5. In window 1, 3 and 7 both MCC and accuracy are in favor of the SVM model, while in window 5 the accuracy is better for the
SVM model while the MCC is poorer. The accuracy and MCC are better for the
framework models in window 2, 4, 6, 8 and 9. Overall the framework shows better
performance.

Figure 5.6: Total return of FSVM
models selected on ALLscore vs total
return of the US Equity Market Risk free rate.

Figure 5.7: Accuracy and MCC of
FSVM vs framework for models selected on ALLscore .
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Figure 5.8:
Total return of
FTSVM
models
selected
on
ALLscore vs total return of the US
Equity Market - Risk free rate.

Figure 5.9: Accuracy and MCC
of FTSVM vs framework for models selected on ALLscore .

Figure 5.10: Total return of RVM
models selected on ALLscore vs total
return of the US Equity Market Risk free rate.

Figure 5.11: Accuracy and MCC
of RVM vs framework for models selected on ALLscore .

Figure 5.12:
Total return of
PKSVM models selected on
ALLscore vs total return of the US
Equity Market - Risk free rate.

Figure 5.13: Accuracy and MCC
of PKSVM vs framework for models
selected on ALLscore .

Analyzing the above models, in the same fashion, a similar pattern is evident. The
only single base model that contests the combined framework is the PKSVM. The
results of the PKSVM are seen in figures 5.12 and 5.13. With respect to total return
the PKSVM models shows better performance than the framework models selected
on ALLscore as can be seen in figure 5.12. Then by looking at figure 5.13, both
the accuracy and MCC are better in windows 2 and 3, in window 5 the accuracy is
better while the MCC is poorer, and in window 4 the reversed is true. In windows
7, 8 and 9 the exact same models are chosen, while in window 1 the performance
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with respect to these measures is almost the same. The better total return mainly
comes from window 2, where the model manages to capture the turning point and
then better follow the following upward trend. Looking to the alphas both strategies
shows significant alphas in window 8 only. Although the rest of the alphas are not
significant, they give an indication of the performance in some of the windows. In
window 2 for instance the alphas indicate that the PKSVM model performs better,
while in window 6 the framework model performs better. In the rest of the windows
the difference is so small that it is better to assume that they are equal. Given this
information we cannot be certain that any of these will outperform the other over
more time. But we can be confident that both these methods will be more viable
than using SVM, RVM, FSVM or FTSVM alone with current settings.

5.1.4

Maximum predictive ability

Since all of the above results are generated by always neglecting the results from the
test set, it would be interesting to observe how the predictive ability is affected if
the framework were to choose models based on the test set accuracy. Since accuracy
is a function of the sensitivity and specificity measures together, the models with
highest value of this metric are selected. As it can be observed in 5.14 an immense
improvement of the classification capability is displayed where the framework is very
successful in predicting future movements in the US equity premium. But since the
framework is affected by look ahead bias it is not a reliable result to use as a ground
for using the framework. However, even though future results are used, the result
should not be completely ignore. It can be seen as an illustration of the roof the
predictive capacity of the framework if it were to perform and choose models in the
best possible manner.

Figure 5.14: Predictions made based on the best accuracy results from the out-of-sample
validation sets.
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[H]

Window1

Window2

Window3

Window4

Window5

Window6

Window7

Window8

Window9

Model
Kernel

PKSVM
Rbf

FTSVM
Ratio

PKSVM
Ratio

PKSVM
Rbf

RVM
Rational-Quad

RVM
MDAC0

RVM
Sigmoid

PKSVM
Periodic

RVM
MDAC1

0.098 ± 0.163
0.174 ± 0.044
0
0.611 ± 0.114
0.627 ± 0.010
0.600
0.609 ± 0.114
0.618 ± 0.015
0.600
0.975 ± 0.033
0.974 ± 0.014
1
0.076 ± 0.134
0.112 ± 0.057
0

0.104 ± 0.077
0.789 ± 0.040
0.188
0.572 ± 0.017
0.896 ± 0.019
0.716
0.614 ± 0.070
0.867 ± 0.025
0.750
0.771 ± 0.111
0.965 ± 0.007
0.907
0.318 ± 0.126
0.790 ± 0.057
0.235

0.004 ± 0.072
0.217 ± 0.168
0.253
0.564 ± 0.072
0.655 ± 0.046
0.650
0.594 ± 0.080
0.648 ± 0.048
0.645
0.870 ± 0.120
0.913 ± 0.084
0.885
0.135 ± 0.138
0.257 ± 0.236
0.320

0.009 ± 0.087
0.751 ± 0.040
0.296
0.500 ± 0.047
0.879 ± 0.019
0.666
0.590 ± 0.082
0.887 ± 0.019
0.710
0.536 ± 0.115
0.903 ± 0.017
0.75
0.473 ± 0.141
0.838 ± 0.028
0.541

0.102 ± 0.050
0.711 ± 0.031
0.284
0.555 ± 0.018
0.859 ± 0.015
0.650
0.619 ± 0.070
0.862 ± 0.012
0.685
0.623 ± 0.074
0.904 ± 0.025
0.705
0.479 ± 0.091
0.804 ± 0.015
0.576

0.013 ± 0.107
0.243 ± 0.135
0
0.553 ± 0.075
0.647 ± 0.049
0.710
0.571 ± 0.077
0.653 ± 0.058
0.7101
0.799 ± 0.203
0.862 ± 0.079
1
0.206 ± 0.158
0.363 ± 0.220
0

0.078 ± 0.075
0.475 ± 0.028
0.295
0.592 ± 0.028
0.756 ± 0.013
0.633
0.629 ± 0.037
0.750 ± 0.012
0.578
0.818 ± 0.096
0.908 ± 0.026
0.785
0.241 ± 0.106
0.523 ± 0.042
0.500

MCC

ACC

Prec

Sens

Spec

0.008 ± 0.018 -0.011 ± 0.089
0.038 ± 0.085
1
0.169
0.390
0.498 ± 0.131 0.531 ± 0.042
0.532 ± 0.115
1
0.600
0.700
0.586 ± 0.065
1
0.587
0.714
0.591 ± 0.540 0.713 ± 0.082
0.555 ± 0.515
1
0.843
0.757
0.411 ± 0.537 0.276 ± 0.101
0.480 ± 0.502
1
0.321
0.629

Sharpe

0.933
( -0.124 )

0.271
( 0.058 )

0.744
( 0.615 )

0.356
( 0.356 )

1.176
( 1.150 )

1.023
( 0.242 )

0.854
( 0.377 )

1.115
( -0.050 )

1.411
( 1.411 )

Sortino

1.253
( -0.193 )

0.341
( 0.077 )

0.922
( 1.198 )

0.369
( 0.369 )

1.909
( 1.820 )

1.515
( 0.351 )

1.462
( 0.497 )

2.223
( -0.068 )

2.087
( 2.087 )

Calmar

1.912
( 0.679 )

1.667
( 1.612 )

3.694
( 2.141 )

1.274
( 1.274 )

3.303
( 4.617 )

2.442
( 1.015 )

3.067
( 1.366 )

3.030
( 0.708 )

4.644
( 4.644 )

MaxDrawDown

0.226
( 0.529 )

0.230
( 0.230 )

0.111
( 0.188 )

0.309
( 0.309 )

0.123
( 0.087 )

0.181
( 0.379 )

0.132
( 0.282 )

0.148
( 0.514 )

0.091
( 0.091 )

Table 5.7: Performance on test set of models selected on best test accuracy.

Looking at figure 5.14 and table 5.7, the performance on the test set is clearly remarkable. But analyzing the models chosen further, some models are less likely to
be considered as candidates in any score. For instance, in window 2 the in-sample
accuracy on the validation sets have a mean of 0.532 and the mean accuracy on the
validation sets is 0.498, which is low. If a model does not capture the training examples well, it could not be expected to capture the unseen data well. Surprisingly, this
is what happens on the test set and we believe that it is pure luck. The other models capture the training data slightly better, while the out-of-sample cross-validation
performance is not always very impressive, ranging from a mean of 50% to 61.1% in
accuracy. This seem to be a sign of generalization on the verge of underfitting.
The models that seem to perform the best on the test set are PKSVM and RVM
being selected four times each. FTSVM is selected once, but this result seems to be
an outlier, in the sense that its cross-validation performance does not well reflect its
test performance.

5.1.5

Increased complexity

An interesting aspect of the study to consider, which also constitutes one of the
research questions is whether increased complexity, which in this study is defined
as using more than one kernel function with the help of a multiple kernel learning
algorithm, leads to improved predictive ability or not for an individual classifier. It
is evident that the MKL techniques used in this study does not necessarily improve
performance, at least not in the cross-validation, by analyzing the above information.
But looking at the test set performance, the ratio MKL kernel is selected twice. This
could indicate the the MKL kernels are preferred and could perform better during
different periods. Therefore we do not discard it from the framework. The final
process can be seen in figure 5.15 below.
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Figure 5.15: A figure over the how the process would be in a production environment.

5.2

Robustness

Another research question to be answered by this study is whether the models manage to handle noise that is introduced to the data sets or not. Noise is introduced
to the data once the results regarding the predictive ability is generated, evaluated
and analyzed. This is performed by adding noise with different SNRs measured in
decibel (dB), and the effect it has on the predictability of the models is examined.
The results of the accuracy for the test sets for each individual classifier and kernel
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function are presented in tables 5.8, 5.9, 5.10, 5.11 and 5.12 where the accuracy prior
to the introduction of noise for the chosen kernel is presented inside parenthesis for
each window. It is important to remark that the values are based entirely on the
best test set accuracy in each window for each soft margin classifier.
Window1 Window2 Window3

Window4

Window5

Window6

Window7

Window8

Window9

SNR

Periodic
(0.616)

Rbf
(0.550)

Ratio
(0.700)

Rational-Quad
(0.583)

Rbf
(0.700)

Gamma-Rat
(0.616)

Rational-Quad
(0.600)

Gamma-Exp
(0.600)

Rbf
(0.710)

10 dB
8 dB
6 dB
4 dB
2 dB
0 dB

0.466
0.550
0.450
0.450
0.466
0.416

0.516
0.483
0.516
0.450
0.366
0.516

0.600
0.600
0.600
0.616
0.583
0.583

0.516
0.566
0.600
0.516
0.583
0.583

0.716
0.716
0.716
0.700
0.700
0.700

0.583
0.583
0.566
0.583
0.583
0.583

0.600
0.600
0.600
0.600
0.600
0.600

0.566
0.566
0.566
0.566
0.566
0.566

0.710
0.710
0.710
0.710
0.710
0.710

Table 5.8: Accuracy generated by the SVM for different levels of noise added to the
data. Kernels selected are shown in the first row, while the accuracy without added noise
is shown in parenthesis.
Window1 Window2 Window3

Window4

Window5

Window6

Window7

Window8

Window9

SNR

Rbf
(0.583)

MDAC1
(0.566)

MDAC0
(0.683)

MDAC0
(0.600)

Gamma-Rat
(0.683)

Rational-Quad
(0.616)

Gamma-Exp
(0.600)

MDAC0
(0.600)

Rational-Quad
(0.710)

10 dB
8 dB
6 dB
4 dB
2 dB
0 dB

0.583
0.533
0.683
0.600
0.500
0.650

0.483
0.450
0.450
0.583
0.400
0.466

0.583
0.616
0.666
0.583
0.583
0.600

0.600
0.600
0.600
0.600
0.600
0.600

0.716
0.716
0.716
0.716
0.716
0.716

0.550
0.566
0.566
0.566
0.550
0.583

0.600
0.583
0.550
0.600
0.516
0.600

0.566
0.566
0.566
0.566
0.566
0.566

0.710
0.710
0.710
0.710
0.710
0.710

Table 5.9: Accuracy generated by the FSVM for different levels of noise added to the
data and kernels shown in the first row.
Window1

Window2

Window3

Window4

Window5

Window6

Window7

Window8

Window9

SNR

Gamma-Exp
(0.600)

Ratio
(0.600)

Linear
(0.650)

MDAC1
(0.600)

Rbf
(0.716)

Linear
(0.583)

Periodic
(0.600)

Ratio
(0.566)

Rational-Quad
(0.710)

10 dB
8 dB
6 dB
4 dB
2 dB
0 dB

0.533
0.533
0.533
0.533
0.533
0.566

0.500
0.466
0.533
0.533
0.533
0.533

0.566
0.550
0.533
0.533
0.550
0.550

0.600
0.600
0.600
0.600
0.600
0.600

0.716
0.716
0.716
0.716
0.716
0.716

0.500
0.516
0.600
0.550
0.583
0.600

0.666
0.566
0.516
0.600
0.600
0.700

0.566
0.566
0.416
0.566
0.566
0.466

0.710
0.710
0.710
0.710
0.710
0.710

Table 5.10: Accuracy generated by the FTSVM for different levels of noise added to the
data and kernels shown in the first row.
Window1 Window2

Window3

Window4

Window5

Window6

Window7

Window8

Window9

SNR

Rbf
(0.633)

Linear
(0.583)

Ratio
(0.700)

Rbf
(0.600)

Rbf
(0.700)

Gamma-Exp
(0.616)

Rational-Quad
(0.633)

Periodic
(0.650)

Rational-Quad
(0.710)

10 dB
8 dB
6 dB
4 dB
2 dB
0 dB

0.583
0.566
0.516
0.350
0.433
0.533

0.550
0.483
0.566
0.500
0.466
0.483

0.583
0.550
0.600
0.600
0.583
0.700

0.600
0.600
0.600
0.600
0.600
0.600

0.683
0.716
0.733
0.700
0.733
0.700

0.566
0.566
0.583
0.583
0.583
0.583

0.600
0.600
0.600
0.600
0.616
0.600

0.516
0.550
0.516
0.550
0.483
0.583

0.710
0.710
0.710
0.710
0.710
0.710

Table 5.11: Accuracy generated by the PKSVM for different levels of noise added to the
data and kernels shown in the first row.
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Window1

Window2

Window3

Window4

Window5

Window6

Window7

Window8

Window9

SNR

MDAC0
(0.600)

Ratio
(0.483)

Ratio
(0.600)

Periodic
(0.583)

Rational-Quad
(0.716)

MDAC0
(0.650)

Sigmoid
(0.666)

Convex
(0.550)

MDAC1
(0.710)

10 dB
8 dB
6 dB
4 dB
2 dB
0 dB

0.550
0.566
0.516
0.550
0.533
0.533

0.466
0.583
0.516
0.516
0.500
0.466

0.483
0.616
0.600
0.716
0.616
0.600

0.600
0.600
0.600
0.600
0.600
0.600

0.716
0.716
0.716
0.716
0.716
0.716

0.566
0.550
0.566
0.533
0.583
0.583

0.616
0.583
0.600
0.550
0.566
0.633

0.566
0.566
0.566
0.566
0.566
0.566

0.710
0.710
0.710
0.710
0.710
0.710

Table 5.12: Accuracy generated by the RVM for different levels of noise added to the
data and kernels shown in the first row.

It is clearly evident that the predictive ability of the models is influenced by noise,
whether it is by a large or small degree. However, no consistent decrease, or linear
decrement, can be identified for any of the models and windows regarding the initial
accuracy compared to the one generated for different SNRs. The deviation of the
initial value compared to the highest SNR is also not consistent for any model. A
high SNR usually has, based on literature studies, the smallest effect, which can be
observed for some of the models in the tables above e.g. window 1 and 3 in table 5.8.
An interesting outcome from the results is the occurrence of an improved predictive
ability after the introduction of noise. This scenario is observable in window 5 in
tables 5.8, 5.9, 5.11, window 7 in table 5.10 and in window 4 in table 5.12. The
ratio of months with positive returns compared to the total number of months in
each window can be observed in table 5.1 where it is clear that the amount of ups
during the test set is greater than the accuracy without introduced noise in window
4, 5 and 7. An explanation to the increased predictive ability is thus the possibility
that the noise contributes to an increase of positive classifications which leads to
better results during these windows. The prediction of the classifier tends to be
mostly positive samples and therefore approach a value closer to the one presented
in 5.1 (ups test) for respective window. Hence, reducing the amount of false negative
predictions and increasing true positive predictions. This property can be observed
in all kernels, however, with the difference that some handles it better than others.
The SVM classifier demonstrates a consistent and stable level of accuracy after the
introduction of noise as compared to earlier results in 5.8 but it is still exposed to
a large deviation in window 1 and 2. The FSVM classifier was mainly developed
to reduce the deteriorating effect of noise in data sets and it is observable that the
classifiers’ predictive ability, thus noise management, is better than SVM in window
1. See 5.9, where the accuracy exceeds the test set result, thus indicating that not
only positive signs were predicted by the classifier and kernel but also negative which
were successfully captured. The same phenomenon is clear in the FSVM classifier
and RVM where RVM seems to be the classifier where noise contributes the most to
the predictive ability. Windows 1, 2 and 3 are the most interesting windows of RVM.
See 5.12, where the classifier and kernels does not show a consistent approach to
the test set results and keeps a small deviation from the noise free accuracy result.
PKSVM has shown to be the classifier with poorest robustness compared to the
other classifiers, but it is at the same time the only one that does not obtain the
feature of approaching the test set result once noise is added.
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Chapter 6
Conclusions & Discussion
In this chapter conclusions from the empirical study is presented along with a discussion regarding development opportunities and ethical aspects of the study.

6.1

Conclusions

Conclusions that can be made regarding the purpose of the thesis, based on the
results generated by the developed process, is that a combination of both different
machine learning models and kernels are to prefer in order to as accurately as possible predict the sign of return of financial time series. The developed framework
indicate an improvement in predictability as opposed to when the models have not
undergone the process following the ALLscore selection method. This is evident
when the results of the individual models are compared to the results of the framework except for the PKSVM ALLscore models. They are highly comparable with
the models selected by the framework. In particular, the pksvm-linear model in
the second period is better than the ftsvm-mdac0 selected by the ALLscore method
in the second window, since it manages to realize the following upward trend from
the bottom better. Further, it is also clear that an increased complexity does not
consistently or even generally generate superior predictive ability but it is preferred
during only a few periods. The reason for their selection could consequently be
based on sheer luck, but since they show good performance on the test set in two
periods as shown in table 5.7 they are worth to include in a framework of this sort.
All of the classifiers that have been studied have chosen to utilize different kernels
during each window, which can be interpreted as different kernels fits better for
different periods. This shows that it is better to include more kernels rather than
only a single kernel. This is at least evident when looking at the results from the
best test accuracy models of table 5.7.
Statistical significance regarding mechanical performance metrics was achieved for
two out of nine cases and significance regarding Jensen’s alpha was achieved in one
out of nine cases, for the ALLscore selection strategy. However, it is worth mentioning that the statistical significance test is based on the ratio of positive return
months in the training data, Ups Train in table 5.1. As can be seen in table 5.1 the
number of positive return months in the training set are in some periods very low
in relation the the number of positive return months in the out of sample. Since
the classifiers tend to be better at capturing the positive samples better, the test
Abo Al Ahad, G. & Salami, A.

91

Soft Margin Classifiers for Predicting the Sign of Return on Financial Assets

set accuracy is relatively higher in periods of high up ratio in the test set making
it likelier to be significant if it is preceded by a lower up ratio in the training set.
This makes most classifiers significant in some periods. It can especially be seen in
period 9. Furthermore, in addition to the significance test, the construction of the
process as a whole incorporated many degrees of freedom regarding design, parameter choices, cooling schemes, kernel functions, models to be studied etc. A different
construction and, or, direction regarding the above mentioned factors could impact
the results, for the better or for the worse. The results generated by the conventional
SVM and PKSVM conform with the earlier studies performed and researched during
the study, however, to the knowledge of the authors, no earlier research has been
performed regarding the combination of models and kernels for financial time series.
Majority of the models have also only been subject to the field of facial recognition,
medical applications etc. Therefore, no benchmark has been used to compare the
final results with.
Furthermore, regarding the robustness of the soft-margin classifiers, it is evident
that the predictive ability of the models is influenced by noise. However, no consistent decrease or linear decrement, can be identified for any of the models and
windows. It is clearly shown in this study that the application of noise tends to
drive the classifiers to classify all the more examples of the dominating class, which
is usually the positive class in this study.
The results points into the direction that the performance is improved by incorporating more kernels and classifiers. The ALLscore selection method is the most viable
with the current settings. The only single soft margin classifier that contests the
framework is the PKSVM, but not enough evidence is given as to be confident that
it will outperform the framework alone over a longer time. However, as previously
mentioned in the introduction, shortcomings of financial time series include the lack
of long time series data and also the lack of complete information in the features to
fully reflect the response in the market price. This introduce noise and uncertainty
to the problem which makes it hard to systematically demonstrate that any selection
method is superior to another and combined classifiers is superior to another. For
this, much longer time series would be preferred in order to get statistical certainty
on any of the approaches. Further, due to the described uncertainty and noise,
statistically, at a significance level of 5%, 5% of the models should perform well
on luck. That is, out of all 61 models in each window approximately three models
should perform well on luck, which could well be the case of the models selected
in table 5.7. Conclusively, the purpose and research questions have been answered
based on the given circumstances and the final process can be viewed in figure 5.15.

6.2

Discussion

In this chapter we discuss the framework, results and possible improvements on the
framework. In particular we discuss the prediction phase.
Judging by the results on selecting models based on M CCscore it is apparent that
it is a too risky strategy to use for model selection over a longer time with current
settings and data. It would therefor be interesting to optimize the models in the
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SA on some other metric. As a suggestion, using accuracy or ACCscore while controlling for the case where the classifier predicts the dominant class only or possibly
ALLscore controlling for the same case.
Another aspect to remark is the walk-forward window size, cross-validation set size
and test set size. A balance should be reached what goes for the test set and
cross-validation validation sets or at least. In this study we used 45 years of crossvalidation data which was split in 5 folds. This gives 36 years of training data and 9
years of validation data. Considering how the cross-validation was carried out, this
would mean that the model is trained using 36 years of data models and then for the
next 9 years to come, outcomes are predicted based on outcomes of these 36 years
only. In finance, 9 years without adjustments is a long time and since newer data
points usually are more important than old historical data, the results obtained on
this period should be an underestimate of the true expected prediction performance
of the classifier. But to get a better estimation of the expected performance of the
classifier on the 5 years to come or maybe some shorted desired period, one could
increase the number of folds. Here 9 folds might therefor have been more convenient,
since it would lead to a balance in the validation and test sets and decrease the distance between the training and prediction data. This would naturally increase the
computational burden 9/5 times, which still is viable. 5 years without adjustments
in a model is still a long time, but still better than the current setting.
Another possible improvement that could be made to the framework is to, after
having decided on the optimal parameters in the SA, estimate the cross-validation
performance using the same prediction procedure as for the test set. That is, predict
next observation using the initial training data, add that observation to the training
set, retrain the model and predict next observation. Then repeat this procedure
until the whole validation set is predicted. This should give a better indication on
the expected performance on the classifier.
Having improved the chasm between the expected performance and test performance
of the classifiers, ACCscore and ALLscore could both be good indicators of the expected performance of the models.
Further, the walk-forward scheme is used as a simulation on how the models would
have performed over the periods. Having more windows in the procedure makes
the simulation more computationally intensive. Here we would have liked to use
windows with one year of test data but this would directly make this thesis inert
from a time perspective. However, in a live situation it would be convenient to rerun
the whole process every half year or year.

6.3

Further research

As previously discussed it would be interesting to investigate how an increment of
folds in the cross-validation would affect the results.
In this study we only used one membership function for the FSVM and FTSVM. It
would be interesting to investigate other membership functions in order to find one
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that suits financial data better.
Another interesting part to investigate would be to create own customized kernels
of different classes through the guidelines presented in section 3.2.1.
It would also be interesting to see how other parameter selection methods suits the
financial domain. In particular, it would be interesting to investigate the class separability parameter tuning method as described in section 3.6.2.
Further, based on the findings that the positive class is better captured by the models, it would be interesting to try similar soft margin classifiers for imbalanced data
sets or other classifiers that could possibly capture the negative class better.

6.4

Ethical Aspects

”Technology is, of course, a double edged sword. Fire can cook our food but also burn
us” - Jason Silva. Even though the technology that has been developed and used in
this study can not cause physical damage, the risk of damage still exists, primarily
in the financial market. Utilization of complex financial models with the purpose
of predicting the direction of the market could potentially gear the investor with
informational advantage and lead to excess return. At the same time, if the model
is tuned improperly or if the code is exposed to bugs, large losses can occur that
can seriously affect the institution or investor that possesses this technology. As
a mutual fund or other representative investor, it is therefor important to develop
such models with greatest caution and thought, and with respect for the funds of
the people being managed. More importantly, models of this caliber should never
be used to manipulate the market in any way. Finally, it is also important that the
results are properly examined and that accurate conclusions regarding the reliability
of the results are drawn.
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Fábregues, L., Arratia, A., Belanche, L.A. (2017). Forecasting Financial Time Series
with Multiple Kernel Learning. In: Rojas I., Joya G., Catala A. (eds) Advances in
Computational Intelligence. IWANN 2017. Lecture Notes in Computer Science, vol
10306. Springer, Cham
Fama, E. F. and French, K. R. (1995). Size and Book to Market Factors in Earnings
and Returns. Journal of Finance, Vol 50, No 1, March 1995.

French, K. R. (2018). Current Research Returns. [ONLINE] Available at: http://mba.tuck.dartmouth.
[Accessed 19 March 2018].
Fenwa, O. D., Ajala, F.A. & Aku, A. M. (2015). Performance Evaluation of Support
Vector Machine and Artificial Neural Network in the Classification of Hemachromatosis. Department of Computer Science and Engineering. Department of Chemical Engineering. Ladoke Akintola University of Technology (LAUTECH).
Gao, B.-B., Wang, J.-J., Wang, Y. & Yang, C-Y. (2015). Coordinate Descent Fuzzy
Twin Support Vector Machine for Classification. Machine Learning and Applications (ICMLA), 2015 IEEE 14th International Conference on Machine Learning and
Applications (ICMLA).
Genton, M. G. (2001). Classes of Kernels for Machine Learning: A Statistics Perspective. Journal of Machine Learning Research 2, pp. 299-312, 2001.
Gönen, M. & Alpaydin, E. (2011). Multiple Kernel Learning Algorithms. Journal
of Machine Learning Research, Vol. 12, pp. 2211-2268, 2011.
Hartwig, I. (2005). Optimal Move Class For Simulated Annealing With Underlying
Optimal Schedule. Department of Physics, Chemnitz University of Technology.
Han, J., Kamber M., Pei J. (2012). Data Mining Concepts and Techniques, 3rd ed.
Elsevier.
Hastie, T., Tibshirani, R. & Friedman, J. (2009). The Elements of Statistical Learning: Data Mining, Inference, and Prediction. Springer Series in Statistics.
He, J., Chang, S.-F. & Xie, L. (2008). Fast kernel learning for spatial pyramid
matching. In Proc. of the IEEE Computer Society Conference on Computer Vision
and Pattern Recognition, 2008.
Heo, G. & Gader, P. (2009). Fuzzy SVM for Noisy Data: A Robust Membership
Calculation Method. FUZZ-IEEE 2009, Korea, August 20-24, pp. 431-436.
Hong, W.-C., Pai, P.-F. (2005). Support vector machines with simulated annealing
algorithms in electricity load forecasting. Elservier, 2005.
Hsu C.-W., Chang C.-C., & Lin C.-J. (2008). A Practical Guide to Support Vector
Abo Al Ahad, G. & Salami, A.

97

Soft Margin Classifiers for Predicting the Sign of Return on Financial Assets

Classification. Technical Report, Department of Computer Science, National Taiwan University, 2008.
Jayadeva, Khemchandani, R., & Chandra, S. (2007). Twin Support Vector Machines
for Pattern Classification. IEEE Transactions on Pattern Analysis and Machine Intelligence, vol. 29, no. 5, pp. 905.
Jiang, X., Yi, Z. & Cheng Lv, J. (2006). Fuzzy SVM with a new fuzzy membership
function. Neural Computing and Applications, vol. 15, pp. 268-276.
Jolliffe1, I.T & Cadima, J. (2016). Principal component analysis: a review and
recent developments. Philos Trans A Math Phys Eng Sci, pp. 374.
Klement, S., Mamlouk, A.M. & Martinetz, T. (2008). Reliability of Cross-Validation
for SVMs in High-Dimensional, Low Sample Size Scenarios Institute for Neuro- and
Bioinformatics, University of Lübeck.
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Appendix A
Data Description
This section describes the data used in this study.
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Name
CPI SA
US 10Y Yield
IP SA
Moody Corp AAA
Moody Corp BAA
Energy B/P
Materials B/P
Industrials B/P
Consumer Staples B/P
Consumer Discretionary B/P
Health & Care B/P
Financials B/P
Information Technology B/P
Telecommunication Services B/P
Utilities B/P
Real Estate B/P
Energy Total return-rf
Materials Total return-rf
Industrials Total return-rf
Consumer Staples Total return-rf
Consumer Discretionary Total return-rf
Health Care Total return-rf
Financials Total return-rf
Information Technology Total return-rf
Telecommunication Services Total return-rf
Utilities Total return-rf
Real Estate Total return-rf
Temperature, 48 Contiguous States, Average Temperature NOAA
Standard Precipitation Index, 48 Contiguous States, Precipitation in 1 Month NOAA
Standard Precipitation Index, 48 Contiguous States, Precipitation in 3 Months NOAA
Standard Precipitation Index, 48 Contiguous States, Precipitation in 12 Months NOAA
Palmer Z-Index, 48 Contiguous States NOAA
Palmer Modified Drought Index, 48 Contiguous States NOAA
Palmer Hydrological Drought Index, 48 Contiguous States NOAA
Palmer Drought Severity Index, 48 Contiguous States NOAA
S&P Earnings
S&P Dividens
S&P 500 E/P’
S&P 500 D/P
US 10Y-rf

Start date
1926-07-31
1926-07-31
1926-07-31
1926-07-31
1926-07-31
1926-07-31
1963-06-30
1926-07-31
1963-06-30
1963-06-30
1969-06-30
1926-07-31
1965-06-30
1926-07-31
1926-07-31
1926-07-31
1926-07-31
1926-07-31
1926-07-31
1926-07-31
1926-07-31
1926-07-31
1926-07-31
1926-07-31
1926-07-31
1926-07-31
1926-07-31
1926-07-31
1926-07-31
1926-07-31
1926-07-31
1926-07-31
1926-07-31
1926-07-31
1926-07-31
1926-07-31
1926-07-31
1926-07-31
1926-07-31
1926-07-31

Comment
Consumer price index seasonally adjusted.
10 Year US treasury yield
Industrial production seasonally adjusted.

Book
Book
Book
Book
Book
Book
Book
Book
Book
Book
Book

to
to
to
to
to
to
to
to
to
to
to

price
price
price
price
price
price
price
price
price
price
price

for
for
for
for
for
for
for
for
for
for
for

energy sector.
materials sector.
Industrial sector.
consumer staples sector.
consumer discretionary sector.
health care sector.
Financials sector.
Information Technology sector.
Telecommunication Services sector.
utilities sector.
Real Estate sector.

Earnings to price.
Dividends to price.

CM
Q
D
Q
D
D
D
D
D
D
D
D
D
D
D
D
D
Q
Q
Q
Q
Q
Q
Q
Q
Q
Q
Q
D
D
D
D
D
D
D
D
Q
Q
D
D
D

Table 6.1: Description of the base data with monthly observations extracted from Shiller
(2018) and Fama & French (2018) that is used in the study. rf stands for the risk free rate
and is extracted from Fama & French (2018). All factors concerns the American market
solely. The column CM stands for calculation method, where the values Q and D means
quota and difference respectively. Further, the total returns for all sectors are the value
weighted total returns.

Name
Mkt-RF
SMB
HML
Rf
1M T Bill Level TR
Energy TR
Materials TR
Industrials TR
Consumer Staples TR
Consumer Discretionary TR
Health Care TR
Financials TR
Information Technology TR
Telecommunication Services TR
Utilities TR
Real Estate TR

Start date
1926-07-01
1926-07-01
1926-07-01
1926-07-01
1926-07-01
1926-07-01
1926-07-01
1926-07-01
1926-07-01
1926-07-01
1926-07-01
1926-07-01
1926-07-01
1926-07-01
1926-07-01
1926-07-01

Comment
Market risk premium factor of Fama & French’s 3-factor model.
Small minus big factor of Fama & French’s 3-factor model.
High minus low factor of Fama & French’s 3-factor model.
Riskfree rate.
1 Month treasury bill total return.

Calculation method
Q
Q
Q
Q
D
Q
Q
Q
Q
Q
Q
Q
Q
Q
Q
Q

Table 6.2: Description of the base data with daily observations extracted from Fama &
French (2018) that is used to calculate. rf stands for the risk free rate and is extracted
from Fama & French (2018). All factors concerns the American market solely. Further,
the total returns for all sectors are the value weighted total returns of respective assets.
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