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Industrial Engineering Department, Gazi University

Date:



iv



I hereby declare that all information in this document has been obtained and
presented in accordance with academic rules and ethical conduct. I also declare
that, as required by these rules and conduct, I have fully cited and referenced all
material and results that are not original to this work.

Name, Last Name: MERVE GÖZDE SAYIN

Signature :

v



vi



ABSTRACT

PERFORMANCE OF HYBRID MACHINE LEARNING ALGORITHMS ON
FINANCIAL TIME SERIES DATA

Sayın, Merve Gözde

M.S., Department of Financial Mathematics

Supervisor : Assoc. Prof. Dr. Ceylan Yozgatlıgil

Co-Supervisor : Prof. Dr. Ömür Uğur

February 2021, 89 pages

Estimating stock indices that reflect the market has been an essential issue for a long
time. Although various models have been studied in this direction, historically, statis-
tical methods and then various machine learning methods have to introduced artificial
intelligence into our lives. Related literature shows that neural networks and tree-
based models are mostly used. In this direction, in this thesis, four different models
are examined. The first one is the most preferred neural network method for finan-
cial data called LSTM, and the second one is one of the most preferred tree-based
models called XGBoost, and the third and the fourth models are the hybridizations
of LSTM and XGBoost. Besides, these models have been applied to the total of nine
stock market indexes, three from European markets, three from Asian and three from
American markets, and the model that gives the best results is determined according
to the Mean Absolute Scaled Error (MASE) evaluation criteria.

Keywords: LSTM, XGBoost, Hybrid Models, Machine Learning, Stock Market In-
dex
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ÖZ

HİBRİT MAKİNE ÖĞRENME ALGORİTMALARININ FİNANSAL ZAMAN
SERİLERİ VERİLERİ ÜZERİNDEKİ PERFORMANSI

Sayın, Merve Gözde

Yüksek Lisans, Finansal Matematik Bölümü

Tez Yöneticisi : Doç. Dr. Ceylan Yozgatlıgil

Ortak Tez Yöneticisi : Prof. Dr. Ömür Uğur

Şubat 2021, 89 sayfa

Piyasayı yansıtan hisse senedi endeksleri tahminlemesi uzun zamandır süregelen önemli
bir tartışma konusudur. Bu doğrultuda çeşitli modeller kullanılmış olsa da tarihsel
olarak önce istatistiksel metotlar ve daha sonra yapay zekanın hayatımıza girmesiyle
beraber çeşitli makine öğrenmesi metotları denenmiştir. Literatüre göre en çok sinir
ağları ve ağaç bazlı modeller kullanılmıştır. Bu doğrultuda ise bu tezde sinir ağları
yöntemlerinden finansal veriler için en fazla tercih edilen LSTM ve ağaç bazlı mo-
dellerden son zamanların gözdesi olan XGBoost ve bu iki modelin hibritlenmesinden
meydana gelen toplam dört model incelenmiştir. Ayrıca bu modeller üçü Avrupa, üçü
Asya ve üçü Amerika olmak üzere dokuz farklı hisse senedi endeksi üzerinde uygu-
lanmış ve en iyi sonucu veren model MASE değerlendirme kriterine göre açıklanmış-
tır.

Anahtar Kelimeler: LSTM, XGBoost, Hibrit Modeller, Makine Öğrenmesi, Hisse Se-
nedi Endeksi
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CHAPTER 1

INTRODUCTION

One of the most fundamental instincts of human beings is to know the unknown or

predict the future that best suits the relevant situation. Making accurate and success-

ful predictions in finance and all areas of life has become a crucial issue for humanity

because it is challenging to take action against the unknown. This situation can create

a wide variety of uncertainties. Making decisions amid these uncertainties is an issue

that should be considered critically important, especially when it comes to finance.

This is why forecasting has been included in all areas of our lives in different subjects

thanks to the developing technology. With machine learning techniques developed

with artificial intelligence, quite different doors have been opened, and developments

continue at full speed.

One of the building blocks of finance, estimating stock market indices, aims to anal-

yse the market much better and steer the market by making the necessary decisions.

Most straightforwardly, the data consists of a time column and a value column cor-

responding to that time, which is called time series. It can be stated that forecasting

over time series is one of the most frequently used methods in finance and, of course,

in stock market indices, considering the advantage of defining the series’s structure in

detail. Currently, time series analysis can be performed not only statistically but also

by machine learning methods. Unfortunately, the best model has not been selected

in the literature yet because each series contains various features, and each algorithm

has both advantages and disadvantages. The aim should be to choose the method that

can capture the dynamics of the data well so that the produced forecasts can follow

the actual behavior of the series. Zhang [90] mentioned that time series should be
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modelled with hybrid methods in 2003. He explains the necessity of this situation as

follows: Since linear and non-linear parts of time series have different properties, they

should be handled in different ways. In his article, residuals are obtained by using the

ARIMA model for the linear part. However, if these residuals still have a serial corre-

lation, linear models are no longer good enough to capture this pattern. Furthermore,

residual analysis cannot determine the non-linear structure. For this reason, remod-

elling the residuals obtained from ARIMA with machine learning methods (ANN)

should help explore the non-linear structure in the time series. As a result, Zhang

suggests using hybrid models for time series in his article.

The motivation of this study comes from the Makridakis Competition which is a

competition that is open to everyone on the Kaggle platform, where forecasters are

generally interested in developing models, contributing to technology, sharing infor-

mation, and giving a financial award to those placed in the rankings. The fourth of this

competition was held in 2018, and studies on the fifth are recently finished. Like the

past three M Competitions, M4 was an open competition to guarantee reasonableness

and objectivity. M4 Competition was reported at the starting of November 2017. It

was implemented on 100, 000 time series data which include novel features which are

high-frequency (weekly, daily, and hourly) and low-frequency (yearly, quarterly and

monthly) data, prediction intervals (PIs) and point forecasts (PFs), reproducibility of

the outcomes, the inclusion of an endless number of diverse series and bench-marks.

The competition ended on May 31st, 2018. A brief paper with the initial outcomes

of the M4 was published in the International Journal of Forecasting on June 20th,

2018 [57]. As a satisfactory result of the M4 Competition, there are seven significant

findings. However, the most significant one is the ultimate success of hybrid models.

In other words, the successful combination of pure statistical and pure ML models

gives more accurate results. It can be stated that single models cannot efficiently cap-

ture the time series pattern sufficiently in general. But, a specific combination of these

models is more successful because they minimize the other’s errors by averaging.

In this direction, this thesis aims to examine the results by applying two different

machine learning methods and the hybridized model of these two models to time se-

ries over nine different stock market indexes providing a contribution to this subject.

2



Hence hybrid models obtained by two ML algorithms can capture all the dynamics of

the series if only one ML method miss to explain all behaviour.

In this chapter, there are three sections. The aim of the thesis and the literature review

is given in the first two. The last section clarifies the structure of the thesis.

1.1 Aim of the Thesis

The thesis aims to find the best machine learning algorithm that predicts the stock

market index in the best manner. Our research question here is if one model can-

not capture all necessary features of the time series, can we use another model to

explain the remaining unexplained characteristics of the series. To answer this ques-

tion we chose two best performed techniques for prediction purposes given in the

literature. Predicting stock market index combines more than one discipline; finance,

mathematics, and statistics. In the literature, various algorithms and indices are used

for predicting the stock market index. In this thesis, only two main algorithms and

nine data are used. LSTM and XGBoost algorithms are preferred since they are im-

plemented in several libraries for various programming languages, including R, and

many of them are open source. XGBoost is an excellent prediction method in statis-

tics, and LSTM is a modern forecasting method for time series. Moreover, within this

thesis it was tried to answer some questions, which are;

• Should any hybrid models be used?

• Does hybridization make results better?

• Does hybridization of LSTM and XGBoost give better results?

• Which hybrid models give the best outcomes?

Answering these questions can contribute to the literature.

These algorithms, LSTM and XGboost and their combinations, have been preferred

because they are the most commonly used and recommended algorithms in the liter-

ature. Also, they offer better results by playing with hyper-parameters. Furthermore,

3



working with time series has many advantages such as scaling and usability.

Numerical investigations and the visualizations in this thesis are conducted by us-

ing R Language, EViews, Python and Microsoft Excel.

1.2 Literature Review

The model prediction itself is a developed area where most people want to be success-

ful, but the stock prediction is notably a significant problem. About this long-standing

problem, Fama [28] states the following with the Efficient Market Hypothesis;

"In an efficient market, competition among the many intelligent par-

ticipants leads to a situation where, at any point in time, actual prices of

individual securities already reflect the effects of information based both

on events that have already occurred and on events which as of now the

market expects to take place in the future."

However, especially in recent years, data analysts have developed various ways of

estimating stock indices.

Contrary to Fama’s hypothesis, according to analysts, if the prices are recently de-

livered, and the trends in movements are analysed correctly, it is possible to predict

the future. Nevertheless, it should be kept in mind that stock movements are affected

by many factors. Some of these factors are; policy, investor preferences, economy,

politics, speculation, exchange rate, etc. [59, 66].

In addition to being affected by so many factors, time series have challenging prob-

lems such as non-linearity and non-stationarity, especially for financial market data [82,

89]. For instance, it has many upward and downward movements due to economic

crises and speculations. To catch such a structure with a model or more than one

model is a challenging real-world problem. First of all, analysts use classical statis-

tical models such as autoregressive, moving averages, discriminating analyses, and

correlations [49, 42] which are good at linear framework.
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However, time series have both a linear and a non-linear part. Not only to model

the non-linear part but also randomness and chaotic data of a time series, machine

learning techniques are used [42, 85, 19]. The basic and the most used machine

learning techniques in the literature are artificial neural networks (ANNs), support

vector machines (SVMs), and random forests (RFs) [19].

It can be said that the neural networks and the tree-based algorithms are preferred

compared to SVMs. According to the study of Labiad et al. [52], Gradient Boosted

Trees and random forests are better than the SVMs [68]. Thus, the SVM algorithm is

not covered in this thesis.

In gradient boosting algorithms, XGBoost distinguishes with its fast implementation,

more accuracy, and preventing over-fitting therefore, it is preferred to Support Vec-

tor Regression (SVR), Random Forest (RF), and Gradient Boosting Decision Tree

(GBDT) [23, 43].

For the neural network side, LSTM, a particular RNN version of Deep Learning,

is a common choice to forecast financial time series. Since time series naturally in-

cludes a time-dependent variable, thereby LSTM intrinsically is pertinent [78].

According to a survey published in 2010, hybrid models are the second most pre-

ferred structures (the most preferred ones are ANNs) [13]. Hybrid models usually

combine a linear and a non-linear model, i.e., ANNs and ARIMA [70]. However, in

this thesis, two machine learning techniques are combined as a hybrid model unlike

the ones used in literature because these models as universal models can capture not

just the non-linear behaviour but also the linear one.

1.3 Structure of the Thesis

The structure of this thesis is as follows:

• In this Chapter, the thesis’s motivation and the detailed literature review rele-
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vant to the study are given.

• In Chapter 2, the required background information is exhaustively expounded,

including a stock market index, time series, and machine learning algorithms.

• In Chapter 3, implementation is carried out so that the data and the algorithms

are exemplified.

• In Chapter 4, the conclusion and the future work are emphasized.
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CHAPTER 2

PRELIMINARIES

In this chapter, the essential concepts needed to use machine learning algorithms in

time series analysis are covered. This chapter is believed to be significant to under-

stand the details because the machine learning models are built on these bases. This

chapter consists of five main parts; stock market index, log-return data, time series,

residuals, and machine learning algorithms. Firstly, stock market indices and log-

returns are defined. Secondly, the time series, one of the most popular tools used in

stock market index prediction, and the residuals are described. Next, the machine

learning algorithms are given with their mathematical background. It includes all

necessary algorithms, their hyper-parameters, and error measures.

2.1 Stock Market Index

The statistical tool which indicates the changes in the stock market is called the stock

market index. Indices are created in a few ways. In order to construct an index, a few

similar kind of stocks are selected from the securities already listed on the exchange

and then grouped to form a general sense about the economy of the corresponding

country. There are variety of requirements for stock selection, but there are no unique

requirements that are necessary. It is for this purpose that different stock indexes can

be generated using different criteria. Thanks to stock market indices, the investors

can understand the market and quickly compare the market’s present and past values.

Therefore, investing becomes meaningful and derives a profit for those who correctly

analyse the market and make decisions in this direction.

7



2.2 Log-Return Data

Return is defined as

ri =
pi − pi+1

pi−1

(2.1)

where ri is the return and pi is the price at time i for a security. Using returns instead of

prices has a specific benefit: normalization. If there are more than two variables then

normalization puts all variables in a same comparable metric. This step is essential for

both multidimensional statistical and machine learning analysis. Moreover, using log-

returns has major benefits in terms of both theoretical and algorithmic. First benefit

is that if prices are distributed log normally then log(1 + ri) is normally distributed;

1 + ri =
pi
pi−1

= exp
log(

pi
pi−1

)
.

Secondly, since returns are in general very small they are close in value to raw returns

which is called approximate raw-log equality;

log(1 + r) ≈ r, r � 1. (2.2)

The third benefit of log-return is the time-additivity. Compounding return which

is calculated from an ordered sequence of n values is the running return over time.

Corresponding sequence

(1 + r1)(1 + r2) · · · (1 + rn) =
n∏
i=1

(1 + ri) (2.3)

is unlikeable. Because probability theory tells the product of normally-distributed

variables is not normal. Nevertheless, sum of normally-distributed uncorrelated vari-

ables is normal. So,

log(1 + ri) = log(
pi
pi−1

) (2.4)

= log(pi)− log(pi−1) (2.5)

yields that compounding returns are normally distributed. If there are n variables

then;
n∑
i=1

log(1 + ri) = log(1 + ri) + · · ·+ log(1 + rn)

= log(pn)− log(p0).
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In other words, difference between initial and final values is the compound return

over n periods of time. Considering algorithmic complexity, Reducing O(n) multi-

plications to O(1) additions is a huge thing especially for large n. Besides, central

limit theorem states that sample average of this sum will converge to normality.

Another benefit of log-return is its mathematical ease. It is known that the exponential

function has the property that ∫
exdx = ex + c

d

dx
ex = ex

where c is a constant of integration. This unique situation is beneficial, especially for

financial mathematics, rested upon continuous-time stochastic processes.

Finally, the fifth benefit of log-return is its numerical stability. Since log-returns are

small variables, the addition of them is safe. However, multiplication of them is not

reliable. This serious problem should be solved by either modifying the algorithm or

transforming it into numerically safe summation via logarithm.

2.3 Hybrid Models in Time Series

Time series might have both a linear and a non-linear parts with different features, so

they should be modelled in different ways. To forecast time series data, this became

an issue due to classical statistical methods that cannot capture the non-linear part of

the time series. It only models the linear part. Since it is hard to know about data

completely, the hybrid models which combine both linear and non-linear structures

are preferable. To understand a time series completely, one should solve both parts:

linear and non-linear. This problem led researchers to residual analysis, analysis of

subtracting predicted values from real values. According to Zhang [90], neither ap-

plying only ARIMA nor only ANN helps to examine time-series fully, and it should

be used together as a hybrid model. Time series consists of addition of two essential

parts; linear Lt and non-linear Nt such that yt = Lt + Nt. In Zhang’s study, firstly,

the ARIMA model is applied to examine the linear part as a statistical method. Then,
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residuals only have a non-linear relationship to the model. Let et = yt − L̂t refers to

residuals; where L̂t is the forecast value at time t. If there is still a linear correlation

in residuals, linear models cannot determine this situation. Even though residuals

passed diagnostic tests, it might be incorrect because residuals cannot determine the

non-linear structures. So, even if the model passed diagnostics tests, non-linear re-

lations might not be modelled properly. In this situation, residual modelling with

machine learning models helps discover the non-linear part of the time series. In

Zhang’s article, he used ARIMA for modelling the linear part and ANN for the non-

linear part, and then he combined them to improve overall forecasting performance.

Therefore, he concludes that to model a time series with different models as linear

and non-linear parts separately could be more successful than using a single model.

Time series used to describe and analyse various series is a collection of data points

based on time index. One of its aims is to forecast and to give good results for the

future. Because of this nature of time series, people can make a strong decision

about future for many areas. Financial market predictions, weather forecasts, and

security applications are examples of where time series frequently used. From the

mathematical point of view, it can be defined as a stochastic process

{Yt}∞t=−∞

with a collection of random variables where t represents the time t = 0,±1,±2, . . ..

Time series have three characteristic functions, the mean function, the auto-covariance

function, and the autocorrelation function [87].

Definition 1. The mean function [25] is defined as

µt = E[Yt] (2.6)

where E[Yt] is the expected value of the process at time t. The mean function exists

if and only if E | Yt |<∞.

Definition 2. The autocovarince function [25] is defined as

γt,s = Cov(Yt, Ys)

= E[(Yt − µt)(Ys − µs)].
(2.7)
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Definition 3. The autocorrelation function [25] is defined as

ρt,s = Corr(Yt, Ys)

=
γt,s√

(γt,t)(γs,s)
, −1 6 ρt,s 6 1.

(2.8)

• If ρ(t, s) = +1, then there is an exact positive linear association;

• If ρ(t, s) = 0, then there is no linear association at all;

• If ρ(t, s) = −1, then there is an exact negative linear association.

It should be considered that auto-covariance function (ACF) and partial ACF (PACF)

concepts to decide the model. Therefore for a stationary process {Yt}, the autocorre-

lation function between Yt and Yt−k is

ρk = Corr(Yt, Yt−k), (2.9)

so the emphACF could be written as;

ρk = Corr(Yt, Yt−k)

=
γk
γ0

.
(2.10)

The Partial Autocorrelation Function shortly PACF is the correlation between Yt and

Yt−k with removed linear dependency on the variables between these two terms.

To handle the stochastic process, there are some assumptions and the most important

of these is stationarity. Basically, stationarity means that the statistical properties of

the process do not change over time, i.e. it is time independent. There exists two

types of stationarity: the strong and the weak stationarity. The weak stationarity is

usually preferred because of the difficulty of verifying a distribution. To define a time

series a weak stationary one, there are four properties [87]:

1. E[Yt] = µ,

2. V ar[Yt] = σ2,

3. Cov[Yt, Yt−k] = γk,
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4. Corr[Yt, Yt−k] = ρk

to satisfy for any time t.

2.3.1 Trend and Seasonality

If the process is not stationary, one can consider the concepts such as the trend, the

seasonality, and thus making the process stationary. In a stationary time series, the

mean function must be constant; otherwise, mean functions cause an upward or down-

ward trend. The trend could be deterministic or stochastic. Depending on the type

of trend, it could be removed with either de-trending or differencing through the pro-

cess [87].

Furthermore, the series may have a seasonality effect. In such a case, there are some

statistical tools necessary to understand the series, analyse it correctly, and make ap-

propriate decisions. Models and forecasts made in line with these decisions will be

much more accurate [87].

For this thesis in the prepreation setup, datasets are examined in terms of level, noise,

seasonality and trend, but it is not found any outstanding results. Therefore, results

does not contain an interpretation about decomposition of time series.

2.4 Residuals

Another important point in time series analysis is residuals. Residuals (r) are ob-

served value (y) of the process at time t minus predicted value ŷ of the process at

time t: r = y − ŷ. If all residuals are close to 0, then it can be said that the model

predicts perfectly. On the other hand, further from 0 residuals represents the poor

predictions and the less accurate model. There are many reasons for using residuals.

One reason is that information about the dataset properties, which are not visible at

first glance, can be gathered from residuals. Another reason is that whether the cho-

sen model is accurate can easily be shown by using residuals. Serial correlation or

any non-linear structure in residuals shows that the fitted model cannot capture the
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whole characteristics of the series. Hence, modelling residuals with another approach

helps to capture the actual behaviour of the series.

2.5 Machine Learning Algorithms

In this section, machine learning algorithms, especially LSTMs and XGBoost, and

their hybrid model are explained. Moreover, their hyper-parameters and error mea-

sures used in this thesis are given briefly.

Humans receive data from outside with their five sensory organs, and these data are

transmitted to the brain, processed, and stored in a categorized form. Machines work

similar. The main and the most crucial difference between a machine and a human

is intelligence. Machines do not have creative ways to deal with data collected like

humans. They may be expected to perform mechanical work quickly but not expected

to gain experience or understand a theatre play. British mathematician Alan Turing

first asked in 1955 [83] if machines could think, and this is indeed the beginning of

the concept of artificial intelligence. Computers are machines that perform desired

tasks and help people overcome their problems by following their instructions. Just

as people perform the same task with various methods, machines implement different

algorithms for the same problem. Accordingly, if different algorithms can work on a

similar problem, the most crucial question is: which algorithm is the best. However,

the answer to this question has not been given definitively today. Because we obtain

a technology that develops every day, and we examine this technology on various

data, with different methods [61]. Still, there are quite a few untested and unexplored

elements. Although it is one step closer to achieving the best with each passing day,

it cannot be stated that we are at that final point yet.

Machine Learning, part of Artificial Intelligence (AI), is a system that takes data and
combines it with statistical tools then gives an output using different methods. In
other words, machine learning systems sufficiently learn the complex structure of the
series from its past values according to the given method and accurately predict the
future data by properly implementing this structure when we have a long series. The
main goal of learning is to establish a model that gives any data as input and gives
a meaningful and desired output. Machine learning algorithms can be listed in three
main titles: supervised learning, unsupervised learning, and reinforcement learning.
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As is seen in Figure 2.1, even though there are quite a few machine learning methods,
the important thing is to choose the right algorithm for the problem.

Figure 2.1: Some of the Machine Learning Algorithms

• Supervised Learning

This type of learning is similar to the classroom teacher; it uses known and

labelled data as input. That is, an input (x) is given as a guiding example, its

corresponding output (Y ) and a map connecting these two (Y = f(x)). The

machine is expected to create a map from inputs to outputs, learn this rule and

model it. Then, the model’s accuracy is tested by giving another dataset that

has never been seen [61]. Supervised Learning algorithms are divided into two

categories, which can be shown in Figure 2.2;

1. Classification is the method of obtaining or exploring a model or func-

tion which makes a difference in isolating the information into different

categorical classes i.e., discrete values.

2. Regression is the method of obtaining a model or function for recognizing

the data into continuous genuine values rather than utilizing classes or

discrete values.
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Figure 2.2: Classification(left) vs Regression(right) [47]

2.5.1 Neural Networks

Neural networks are a significant part of successful machine learning algorithms.
Neural networks are developed to enable computers to think and to understand, like
humans. Neural networks mimic the human brain. Just as neurons in a brain are
connected by synapses, in machines, this is in the form of graph nodes being con-
nected by weighted edges. The process of working the nervous system in humans
represents the background of the thinking. This process is applied to computers, and
a model is created using the neural network method. In a neural network, there are in-
put and output neurons connected by weighted synapses. These weights control how
much information will pass forward or backward through neural networks. Besides,
weights can change in the forward or backward propagation parts. The iteration of
forward and backward propagation for each data in the training set is called the learn-
ing process. The more extensive and more diverse the dataset set is, the more data
it has been tested, and therefore the better the model will learn and perform well in
forecasting [54]. An illustration of a neuron can be seen in Figure 2.3 as an example.

Figure 2.3: An illustration of a Neuron [75]
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2.5.2 Artificial Neural Networks

Artificial neural networks are modelled inspired by biological neurons in humans.
Accordingly, neurons in humans are activated in certain situations, and the activated
neuron’s output turns into an action. Artificial neural networks consist of intercon-
nected layers of neurons and activation functions that enable these neurons to be
activated or deactivated [76]. The ANN structure can be seen in Figure 2.4.

Figure 2.4: Artificial Neural Network [63]

ANN has three types of neurons, input nodes, hidden nodes, and output nodes. Input
nodes are given information numerically. This information is presented with acti-
vation values, and each node is given a number; the one with the highest number
performs the largest activation. After this stage, the information is transferred to the
network. According to weights, the activation value passes from node to node. Each
node collects the activation values it receives and then changes them according to
the transfer function. This activation passes through the network, hidden layers, and
reaches the output node in the final. According to the result, the difference between
the predicted value and the observed value, namely error, is calculated. In this way,
the weight is re-arranged according to the size of the error and is re-inserted into the
system with back-propagation. The goal is to minimize the error [76]. Five com-
mon activation functions carry input signals to output signals, which are threshold,
sigmoid, piecewise linear, linear, ReLU and Gaussian. The shapes of activation func-
tions are in Figure 2.5.
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(a) Threshold (Unit Step) [76] (b) Sigmoid [76]

(c) Piecewise Linear [76] (d) Gaussian [76]

(e) Linear [76]
(f) ReLU [67]

Figure 2.5: Activation Functions used in Artificial Neural
Networks

Moreover, there are two types of ANN; Feedforward and Backward Neural Networks
which can be seen in Figure 2.6.

Figure 2.6: Feedforward (left) and Backward (right) Neural
Networks [76]
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2.5.3 Recurrent Neural Networks

A recurrent Neural Network is a generalized form of feedforward neural network sys-
tem with internal memory. While it performs the same function for every input data,
the output of the current input depends on the past computation. Once producing
the output, it is sent back to the recurrent network. The other feedforward neural net-
works cannot manage their internal states to processing sequences of inputs, but RNN
can. This feature makes RNN more applicable. Unlike the other neural networks, all
the inputs are related to each other in RNN [4]. The structure of the Recurrent Neural
Network can be seen in Figure 2.7.

Figure 2.7: Recurrent Neural Network [62]

2.5.4 Long Short-Term Memory Units (LSTMs)

LSTM [39], which is one of the most popular algorithms, is a specifically developed

version of Recurrent Neural Networks (RNN). Even though RNN’s has been used in

time series modelling well, vanishing gradient problem makes it hard to learn long

term dependencies [6, 64, 65, 27, 72, 60, 37, 9, 58]; however LSTM solves this prob-

lem effectively by using a unique additive gradient structure [74]. The most important

feature that distinguishes LSTM from others is that LSTM has a gating system. The

gates are the forget gate, the input gate, and the output gate. Different gates are

used to learn the network actively. In other words, the system finds out either which

information should be forgotten and when, or which one should be updated [91].
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Mathematically, LSTM structure can be expressed in the following equation;

ft = σ(Wf .[ht−1, xt] + bf )

it = σ(Wi.[ht−1, xt] + bi)

C̃t = tanh(WC .[ht−1, xt] + bC)

Ct = ft ∗ Ct−1 + it ∗ C̃t

ot = σ(Wo.[ht−1, xt] + bo)

ht = ot ∗ tanh(Ct)

(2.11)

where ft is the forget gate layer at time t, ht−1 and xt are the input variables, σ is a

sigmoid layer which gives n ∈ [0, 1] as an output. Wf is the weight of f , bf is the

bias vector of f and "." is the point-wise multiplication operator.

In the input gate layer, it has three parts which are it, C̃t and Ct. In it, it is the same as

ft, but it decides which information will be updated with σ, sigmoid layer. After that,

tanh layer creates a vector including new informations between [0, 1] as C̃. Then Ct,

cell state, combines these steps and it continues by forgetting the information to be

forgotten and saving the new information.

The last part is the output gate layer where σ decides which parts will be the output

and tanh layer forces the cell state between [0, 1] and multiplying with the output, a

gate gives only the desired outputs.

The structure can also be seen in Figure Figure 2.8 [6] where
⊗

and
⊕

are the

point-wise multiplication and the point-wise addition operators, respectively.

Figure 2.8: LSTM Algorithm [7]
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2.5.5 Decision Trees

Decision tree is a technique used in data mining and data science to solve prediction

problems in classification and regression model [86, 69, 5, 79, 38]. The components

of a decision tree are the node representing a feature, the link (branch) representing

a decision, and the leaf representing a result. The main goal is to minimize the error

on each sheet for the entire dataset. If a decision tree is used for classification or

regression, it is called a classification tree or a regression tree, respectively. The

difference is that while regression trees deal with a continuous value, classification

trees are for discrete values [73]. As with other supervised learning methods, part of

the entire dataset is used to train the model. There is a rule for every branch in the

decision tree, from nodes to leaves. For this reason, by looking at the decision tree

diagram, it can be understood which of the factors used are effective in the decision

variable and the relationship between the factors [69]. There are two steps for the

decision tree diagram:

1. First of all, entropy values are calculated by Equation 2.12 for each factor.

E(S) = −
n∑
i=1

Si
S

(log
Si
S

), (2.12)

where Si signifying the factors. The one that has the highest knowledge gain is

obtained and selected as the starting node, i.e., root node. If entropy increases

the uncertainty in the variables increases. So, when creating a tree structure,

it starts from a low uncertainty and goes to a high one. The process continues

until it reaches the decision variable (leaf). Information gain is calculated by

subtracting the conditional entropy value from the total entropy value:

E(Sj|Sn) =
Si
S

(log
Si
S

). (2.13)

So, the information gain is

E(S)− E(Sj|Sn).

In this way, a tree diagram is created by determining the factor with the most

significant knowledge gain and placing it in root nodes and subsequent nodes [10].
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2. Secondly, by determining the minimum threshold for the number of observa-

tions per leaf, branches that are considered unimportant are pruned, and un-

derstandable pruning also increases the generalization power by removing the

rules with few examples in the resulting decision tree [69]. Also, it eliminates

over-fitting.

2.5.6 Bagging

The bagging, also known as bootstrap aggregation, is based on majority voting. The

samples are bootstrapped every time the model is trained. When the samples are

selected, they are used to train and validate the predictions. The samples are then

put back into the training set. The samples are selected at random. This technique is

known as bagging. There are pairs (Xi, Yi) (i = 1, . . . , n), where Xi ∈ Rd which

denotes the d-dimensional predictor variable and the response Yi ∈ R for regression

or Yi ∈ {0, 1, . . . , J − 1} for classification with J classes. Moreover, the target

function of interest is defined as E[Y |X = x] for regression or for classification

P[Y = j|X = x](j = 0, . . . , J − 1) as the multivariate function. The function

estimator is

ĝ(·) = hn((X1, Y1), . . . , (Xn, Yn))(·) : Rd � R, (2.14)

The bagging algorithm occurs in three steps:

1. Build a bootstrap sample (X∗1 , Y
∗

1 ), . . . , (X∗n, Y
∗
n ), randomly occurring n times

with replacement from the data (X1, Y1), . . . , (Xn, Yn).

2. Calculate the bootstrapped estimator ĝ∗(·) by the plug-in principle: ĝ∗(·) =

hn((X1, Y1), . . . , (Xn, Yn))(·).

3. Repeat steps M times, where M is usually chosen 50 or 100, yielding ĝ∗k(·)
for k = 1, . . . ,M . So, the bagged estimator is

ĝBag(·) = M−1

M∑
k=1

ĝ∗k(·). (2.15)

Theoretically, as M tends to infinity

ĝBag(·) = E∗[ĝ∗(·). (2.16)
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In practice, the finite number M determines the Monte Carlo approximation’s accu-

racy, but otherwise, it should not be viewed as a tuning parameter for the bagging.

The empirical fact is that bagging improves regression and classification trees [15,

16, 12, 11, 14, 20] and reduces the variance of the model. An example of a bagging

ensemble is Random Forest models.

2.5.7 Random Forest

Random Forest ensemble uses an outsized range of individual, unpruned decision

trees that are created by randomizing the split at every node of the decision tree [26].

Every tree is probably going to be less correct than a tree created with precise splits.

However, by combining many of those "approximate" trees in an ensemble, the accu-

racy can be improved doing higher than one tree with exact splits [73].

There are some procedures up to exploring the random forests. The common factor of

these procedures is that for the kth tree, a random vector Θk is generated, independent

of the past terms Θ1, . . . ,Θl−1 but with the same distribution. A tree is constructed

with the training set and Θk, resulting in a classifier h(x,Θk) where x is an input

vector. For example, when bagging, a random vector Θ is generated as counts in

N boxes due to N darts thrown at random into boxes, where N is the number of

examples in the training set. If the sample is randomly split, Θ consists of the number

of independent random integers from 1 to K. The nature and dimension of Θ depend

on its use in constructing the tree. After a large N , the most popular class is selected.

These whole procedures are called random forests [26].

Definition 4. A random forest is a set of classifiers with a tree structure {h(x,Θk), k =

1, . . .} where the {Θk} are independent identically distributed random vectors. Each

tree gives a single vote for the most popular class on the input x.

For both classification and regression, the random forest algorithm is similar [53]:

1. Draw ntree bootstrap samples from the original data

2. For each of the bootstrap samples, develop an unpruned classification or regres-

sion tree, with the following modification: at each node, rather than choosing
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the most proper distribution among all the predictors, randomly samplemtry the

composition of the predictors and choose the most efficient distribution among

these variables.

3. Predict new data by aggregating the predictions of the ntree trees. For regres-

sion, it is averaging, and for the classification, it is the majority votes.

2.5.8 Boosting

Boosting algorithms have been proposed in the machine learning literature by Schapire [77]

and Freund [29, 30]. Boosting is a sequential ensemble method that typically reduces

the bias error and develops strong predictive models. The term ‘Boosting’ refers to

a family of algorithms that convert a weak learner into a strong learner. The data

samples are weighted, and therefore, some of the learners can take part in the recent

sets more often. In each iteration, data points incorrectly predicted are identified, and

their weight is increased so that the following learner focuses more attention on get-

ting them correctly. The goal is to estimate a function g : Rd � R, minimizing a loss

E[ρ(Y, g(X))], ρ(·, ·) : R×R � R+, (2.17)

based on data (Xi, Yi) for i = 1, . . . , n. This is the case both Y is continuous for

regression problems and discrete for classification problems [11].

2.5.9 Gradient Boosting

Gradient boosting is a machine learning technique for regression and classification

problems, which generates a prediction model as a set of weak prediction models. It

is based on the logic of minimizing the error by combining the next best model with

the previous model. It performs this by setting target results for the next model. The

target outcome depends on how much the change in the case estimate affects each

case’s overall estimate error. If a minor change in prediction results in a large change

in error, then the next target result will be high. Nevertheless, if the minor change in

the prediction does not make a difference in the error, then the next target result will
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be zero; that is, it will not reduce the error. There is a system consists of a random

output variable y and a set of random input variables x = {x1, . . . , xn} in the function

estimation problem. Within a given training sample {yi, xi}N1 , the main purpose is to

find a function F ∗(x) mapping x to y.

F ∗(x) = argmin
F (x)

Ey,xΨ(y, F (x)), (2.18)

where Ψ(y, F (x)) is the loss function; with boosting, F ∗(x) approximates by an ad-

ditive manner of the form

F (x) =
M∑
m=0

βmh(x; am) (2.19)

where h(x; a) is a base learner and usually chosen to be a simple function. The

coefficient {βm}M0 and the parameter {am}M0 are fit to the training data. The initial

guess starts with F0(x) and the process continues for m = 1, 2, , . . . ,M :

(βm, am) = argmin
β,a

N∑
i−1

Ψ(yi, Fm−1(xi) + βh(xi; a)),

Fm(x) = Fm−1(x) + βmh(x; am).

(2.20)

Gradient boosting algorithm [31] solves ( 2.20) approximately for an arbitrary loss

functions in two steps. First, the function h(x; a) is fit by least squares

am = argmin
a,ρ

N∑
i=1

[ỹim − ρh(xi; a)]2 (2.21)

to the current residuals

ỹim = −

[
∂Ψ(yi, F (xi))

∂F (xi)

]
F (x)=Fm−1(x)

, (2.22)

then, the optimal value of the coefficient βm is determined:

βm = argmin
β

N∑
i=1

Ψ(yi, Fm−1(xi) + βh(xi; am)). (2.23)

This strategy replaces a potentially difficult function optimization problem with a

least squares problem followed by a single parameter optimization based on the gen-

eral loss criterion Ψ. Gradient tree boosting specializes this attitude in the case where

the basic learner h(x; a) is a regression tree of the terminal node L. At each itera-

tion m, a regression tree partitions the space x into L-disjoint regions {Rlm}Ll=1 and
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predicts a distinct constant value in each one:

h(x; {Rlm}L1 ) =
L∑
l−1

ylm1(x ∈ Rlm) (2.24)

where

ylm = meanxi∈Rlm
(ỹim). (2.25)

The parameters of this base learner are the splitting variables and the corresponding

split points that define the tree, which in turn define the corresponding regions {Rlm}L1
of the partition at the mth iteration. These are induced in a "best-first" top-down

manner using a least squares splitting criterion [33]. With regression trees, βm can be

solved separately within each region Rlm defined by the corresponding terminal node

l of the mth tree. Since tree defined by ( 2.25) predicts a constant value ylmwithin

each region Rlm, the solution of ( 2.24) reduces to a simple location estimate based

on criterion Ψ:

γlm = argmin
γ

∑
xi∈Rlm

Ψ(yi, Fm−1(xi) + γ). (2.26)

Consequently, Fm−1(x) is updated in the corresponding region

Fm(x) = Fm−1(x) + v · γlm1(x ∈ Rlm), (2.27)

where the shrinkage parameter 0 < v ≤ 1 controls the learning rate. See Algorithm 1

Algorithm 1 Gradient Boosting Algorithm

F0(x) = argminγ
∑N

i−1 Ψ(yi, γ)

for m = 1 to M do:

ỹim = −

[
∂Ψ(yi,F (xi))

∂F (xi)

]
F (x)=Fm−1(x)

, i = 1, N

{Rlm}L1 = L− terminal node tree({ỹim, xi}N1 )

γlm = argminγ
∑

xi∈Rlm
Ψ(yi, Fm−1(xi) + γ)

Fm(x) = Fm−1(x) + v · γlm1(x ∈ Rlm)

end for

2.5.10 eXtreme Gradient Boosting (XGBoost)

eXtreme Gradient Boosting, in short XGBoost, a gradient boosted tree based algo-

rithm, is introduced by Tianqi Chen and Carlos Guestrin in 2016 [23]. It is a scalable
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end-to-end tree boosting method, which has been widely used and achieved state-

of-the-art classification and regression efficiency. XGBoost can carefully help tackle

over-fitting, properly promote tree construction parallelization, and speed up execu-

tion [92, 55]. In order to define XGBoost deeply, there are necessary headlines [23]

which are:

• Regularized Learning Objective

• Gradient Tree Boosting

• Shrinkage & Column Subsampling

• Split Finding Algorithms

– Basic Exact Greedy Algorithm

– Approximation Algorithm

– Weighted Quantile Sketch

– Sparsity-aware Split Finding

Regularized Learning Objective

The given dataset D = {(xi, yi)}, where |D| = n, xi ∈ Rm, yi ∈ R, with n-examples

and m-features uses K-additive functions to predict the output:

ŷi = φ(xi) =
K∑
k=1

fk(xi) (2.28)

where

fk ∈ F = {f(x) = wq(x)}

is an independent tree structure q : Rm → T where F is the space of regression trees

(CART), T is the number of leaves in the tree, w ∈ RT is the weight of the leaf.

Therefore, the aim is to minimize the regularized objective;

L(θ) =
∑
i

`(ŷi, yi) +
∑
k

Ω(fk) (2.29)

where

Ω(f) = γT +
1

2
λ‖w‖2
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is the complexity of the model, ` is the differential convex loss function which mea-

sures the difference between the prediction (ŷi) and the target (yi) value. It is noted

that an extra regularization term prevents over-fitting [23].

Gradient Tree Boosting

It is impossible to optimize Equation (2.29) with practical approach in Euclidean

space. Therefore, the additive manner is considered in the model to be trained. Nor-

mally, ŷ(t)
i is the prediction of the i-th instance at the t-th iteration, yet to minimize

the objective ft is added [23].

L(t) =
n∑
i=1

`(yi, ŷ
(t−1)
i + ft(xi)) + Ω(ft)

After second-order approximation, L(t) becomes

L(t) '
n∑
i=1

[`(yi, ŷ(t−1)) + gift(xi) +
1

2
hif

2
t (x,)] + Ω(ft)

, where

gi = ∂ŷ(t−1)`(yi, ŷ
(t−1)),

hi = ∂2
ŷ(t−1)`(yi, ŷ

(t−1)).

To simplify we remove the constant terms, so the objective function at step t becomes

L̃t =
n∑
i=1

[gift(xi) +
1

2
hif

2
t (xi)] + Ω(ft). (2.30)

Letting Ij = {i | q(xi) = j} as the instance set of leaf j, (2.30) can be re-written as

L̃t =
n∑
i=1

[gift(xi) +
1

2
hif

2
t (xi)] + γT +

1

2
λ

T∑
j1

w2
j

=
T∑
j1

[wj
∑
i∈Ij

gi+
1

2
w2
j

∑
i∈Ij

hi + λ] + γT.

(2.31)

The computed optimal weight w∗j of leaf j is therfore

w∗j = −
∑

i∈Ij gi∑
i∈Ij hi + λ

(2.32)
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and the corresponding optimal value which can be used for measuring the quality of

a tree structure q is

L̃t(q) = −1

2

T∑
j=1

(
∑

i∈Ij gi)
2∑

i∈Ij hi + λ
+ γT. (2.33)

Shrinkage & Column Subsampling

In addition to the Regularized Learning Objective and the Gradient Tree Boosting

techniques, Shrinkage, and Column (Feature) subsampling can also be used to pre-

vent over-fitting. The shrinkage technique, which is introduced by Friedman [32] is

the first technique. After every boosting step, recently included weights are scaled

by shrinkage, decreasing the impact of each tree and leaves according to factor µ.

The second technique, column (feature) subsampling, which is used in Random For-

est [17, 34] is inscribed that column subsampling avoids over-fitting in comparison

with the traditional way [23].

Split Finding Algorithms

There are some important problems in tree learning, but one of the key problems is

to find the best split. To do so, a split finding algorithm enumerates over all possible

splits on all available features. If IL and IR are accepted as the instance sets of the left

node and the right node respectively, then letting I = IL ∪ IR allows one to evaluate

the split candidates by

Lsplit =
1

2

[
(
∑

i∈IL gi)
2∑

i∈IL hi + λ
+

(
∑

i∈IR gi)
2∑

i∈IR hi + λ
−

(
∑

i∈I gi)
2∑

i∈I hi + λ

]
− γ. (2.34)

Basic Exact Greedy Algorithm

The important thing is to find the best split by using (2.34), so a split finding algorithm

tries all possible splits on all columns, which is called Exact Greedy Algorithm. In

order to do this effectively, the algorithm first sorts the data and then review data in

that order [23].
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Approximate Algorithm

No matter how good the basic exact greedy algorithm is, there are two setting issues.

Since Basic Exact Greedy Algorithm cannot overcome all possible splitting points

and distribute, an Approximate Algorithm is needed for these two settings. In short,

the algorithm asserts the applicant splitting points at first. Then, it determines the

continuous features. Lastly, the algorithm attains the relevant statistics and finds the

best solution according to relevant statistics.

There are two types of algorithms, such that users are free to decide. These two types

are the global variant and the local variant. The global variant lists all the applicant

splits at the beginning of the tree construction and use this at all levels. However, the

local variant re-sets after each split [23].

Weighted Quantile Sketch

Proposing candidate split points is crucial for the Approximate Algorithm. Let,Dk =

{(x1k, h1), (x2k, h2)...(xnk, hn)} is the k-th feature values and second order gradient

statistics of each training samples. Rank function rk : R → [0,+∞) describes the

quotient of samples whose feature value k is smaller than z; and this function can be

defined as

rk(z) =
1∑

(x,h)∈Dk
h

∑
(x,h)∈Dk,x<z

h. (2.35)

The aim is to find applicant split points {sk1, sk2, ..., skl} such that

|rk(sk,j)− rk(sk,j+1)| < ε, sk1 = min
i
xik, skl = max

i
xik, (2.36)

where ε is an approximation factor. Also weighted squared loss is

n∑
i=1

1

2
hi(fi(xi)− gi/hi)2 + Ω(ft) + constant,

where labels are gi/hi and hi represents weights. When the dataset is large, it is hard

to find candidate splits that satisfy the criteria. For this reason, it is introduced a new

distributed weighted quantile sketch algorithm which data structure supports merge

and prune operations [23].
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Sparsity-aware Split Finding

It is very prevalent in real-world problems that the input variable is sparse, and there

are many reasons for sparsity such that missing values, frequent zero entries. Even

so, it is necessary to make data-aware of the sparsity. A new model is introduced

to create sparsity-aware data, so if there is a missing value in data, then the sample

is classified in direction by default. There are two ways in each point, and the data

itself learns which way is the best. Therefore, missing values are not a problem for

XGBoost Algorithm [23].

2.5.11 Hybrid Models

Hybrid models are usually preferred for time series prediction. Since mostly time se-

ries has both linear and non-linear parts, the non-linear part may not be captured with

linear statistical methods; therefore, hybrid models that combine the statistical meth-

ods with the machine learning methods are introduced [88, 35]. In detail, the linear

part is modelled with the statistical method, and its residuals, which are the non-linear

part of the series, are modelled with machine learning algorithms. Alternatively, in

this study, two machine learning algorithms, LSTM and XGBoost, are run to predict

stock market index time series. Similarly, each series is modelled with LSTM and

XGBoost, separately. After that, residuals are obtained from each method. Then, the

residuals are modelled with the another method, i.e., residuals of LSTM are modelled

with XGBoost, and the residuals of XGboost are modelled with LSTM. With this

structure, higher performance and accurate results are aimed.

2.5.12 Boruta Feature Selection Algorithm

Boruta is a feature selection algorithm that helps decide which of the variables in the

dataset are important and which are not [51]. Feature selection is commonly a cru-

cial step in machine learning algorithms. Datasets are typically represented with way

too several variables for sensible model building. Typically most of those variables

are irrelevant to the classification and regression, and clearly, their relevancy is not

known in advance. Briefly, Boruta is predicated on an identical plan that forms the
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random forest classifier’s inspiration, namely, that by adding randomness to the sys-

tem and collecting results from the set of randomized samples, one will decrease the

misleading effect of random fluctuations and correlations. Boruta algorithm [50] can

be expressed in nine steps:

1. Expand the information system by adding all variables to at least five attributes;

2. Remove correlations mix the added features;

3. Run a random forest classifier and get the Z scores;

4. Find the maximum Z score among shadow attributes (MZSA) and then specify

every attribute that scored better than MZSA;

5. Do a two-sided test of equality with the MZSA for each undetermined impor-

tance attribute;

6. Consider the attributes which have importance significantly lower than MZSA

as unimportant features and remove them from the system;

7. Consider the attributes which have importance significantly higher than MZSA

as important features;

8. Remove all shadow attributes

9. Repeat the procedure until importance is identified for all available attributes.

2.5.13 Tuning Hyper-parameters

Tuning hyper-parameters, which are the key of the algorithms, make the structure

more valid and make predictions more accurate. Consequently, tuning hyper-parameters

are not unique. Depending on both the algorithm and the data, hyper-parameters

could change for the ultimate goal. Moreover, each algorithm has its own hyper-

parameters, so this subsection comprises two parts; LSTM Tuning Hyper-parameters

and XGBoost Tuning Hyper-parameters.
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2.5.13.1 Tuning Hyper-parameters of LSTM

• lag input: LSTM structure should capture time dependency in time series. Un-

fortunately, only the one-time step input does not make sense for the algorithm.

Therefore, either creating an embedding matrix or manually lagging the data

and providing a matrix helps capture time dependency. The number of lag in-

put depends on the frequency of the data. For instance, if there is daily data,

then the number of lag input could be 7, or if the data is monthly, then it could

be 12.

• epochs: While the model is being trained, not all of the data participate in

training simultaneously. They take part in training in a certain number of parts.

The first part is trained, the model’s performance is tested, and the weights are

updated with backpropagation based on success. Then, with the new training

set, the model is retrained, and the weights are updated again. This process is

repeated in each training step to try to calculate the most suitable values of the

weights for the model. Each of these training steps is called an epoch.

Since the most appropriate weight values to solve the problem in deep learning

is calculated step by step, success will be low in the first epochs, but it increases

afterwards. However, after a particular step, the learning status of the model

will decrease significantly.

• batch size: The batch is the number of values used in every epoch to train the

model. If it is too high, then the model takes too long to achieve convergence;

however, if the batch size is too small, it will obstruct the model from achieving

accurate performance [44].

• units in hidden layer: The number of hidden units is a direct representation

of the learning capacity of a neural network. Even though, similar to other

hyper-parameters, there is no best number for all data. It could be selected

either arbitrarily or empirically; still, it could be rearranged according to the

state of affairs. In case of necessity, the value could be changed, and re-run

the model to see the affects in the training accuracy. Using more units makes

it more potentially to correctly memorize the complete training set, although it

will take a longer time and it will have the risk of over-fitting.
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• optimizer: One of the most critical hyper-parameters is an optimizer, which de-

cides the learning rate. Several optimizers, such as Stochastic Gradient Descent

(SGD), RMSprop, Adam, Adadelta, Adagrad, Adamax, Nadam, and Ftrl exist.

The most common optimizers for time series prediction are SGD, RMSprop,

and Adam [22]. However, Adam [46] is the first optimizer that comes to mind

when there are large datasets and high dimensional parameters. Additionally,

bias correction can be done with Adam [71].

• loss: The goal is to minimize the loss functions. There are three types of loss

functions. The first one is regression loss functions, including squared error

loss, absolute error loss, and Huber loss. Secondly, binary classification loss

functions which are binary cross-entropy and Hinge loss. The last one is multi-

class classification loss functions that have multi-class cross-entropy loss and

Kullback Leibler Divergence loss. Since this study is considered regression,

mean squared error is chosen as a loss parameter.

• validation split: This is used to control the model. The accuracy of the model

could be destroyed whether the model is either under-fit or over-fit. The model

is said to overfit when the model memorizes within the given dataset and cannot

perform well on the test set. Otherwise, the model is said to under-fit when the

model cannot learn with the train set but perform relatively well on the test set.

Also, to tune hyper-parameters, it is necessary to control validation.

• layer_dropout: It is also used to avoid over-fitting. When the dropout hyper-

parameter is tuned, it drops out the unnecessary neurons. For instance, if

layer_dropout = 0.2, it means that model drops out %20 of all the neurons [1].

• L2 Regularizer: It is also known as Ridge regularization which preserves over-

fitting. In the cost function

L(x, y) ≡
n∑
i=1

(yi − hθ(xi))2 + λ

n∑
i=1

θ2
i , (2.37)

the term

λ

n∑
i=1

θ2
i (2.38)

is the L2 Regularization. Ridge regression adds “squared magnitude” of coef-

ficient as penalty term to the loss function.
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2.5.13.2 Tuning Hyper-parameters of XGBoost

There are many XGBoost hyper-parameters, but only a few hyper-parameters used in

this study are described in this section. For all hyper-parameters, the documentation

of XGBoost could be viewed [2]. In Table 2.1 hyper-parameters with their default

values that are used in this study can be seen. Additionally, three types of the booster

to use are dart, gbtree, gblinear. While dart and gbtree use tree-based algorithms,

gblinear uses linear model. In this study, the tree-based algorithm gbtree is preferred.

Table 2.1: Hyper-parameters of XGBoost
Hyper-parameter type Hyper-parameter Default Value & Range

Booster
Hyper-
parameters

max_depth default = 6, range =[0,∞)
colsample_bytree default = 1
min_child_weight default = 1, range =[0,∞)

eta default = 0.3, range =[0,1]
gamma default = 0, range =[0,∞)

subsample default = 1, range = (0,1]
Command line hyper-parameters nrounds -

• max_depth: It arranges the maximum depth of a tree. Increasing this hyper-

parameter makes the model more complex and more likely to over-fit. More-

over, when max_depth gets larger, training time increases. It is used to control

over-fitting issue.

• colsample _ bytree: It specifies fractions of features to choose randomly sam-

ples for each tree.

• min_child_weight: It identifies what number of examples min_child_weight

nodes can represent to or their entropy as far as Hessians, an essentially signifi-

cant hyper-parameter in preventing over-fitting and reducing the unpredictabil-

ity of the model. The assurance of how far the nodes will part additionally

influences the profundity of the tree. Utilizing cross-validation the fitting

min_child_weight can be chosen for the model.

• eta: It stands for learning rate and makes the model more strong by shrinking

the weights on each step.
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• gamma: It is a L0 regularization parameter to do a split; it specifies the mini-

mum loss reduction. Increasing gamma makes the model more conservative.

• subsample: subsample represents the size of the example rate to utilize when

preparing indicators. Its default esteem is 1, so there is no sampling, and all

information is utilized. It is a boundary that helps prevent over-fitting.

2.5.14 Error Measures-Evaluation Criteria

Even though there is not a unique criterion for error measure, there are few common

methods such as the root mean squared error (RMSE) [8], the mean absolute percent-

age error (MAPE) which were used in the M-competition as leading measure [56]

and the mean absolute scaled error (MASE) [41]. To evaluate the performances of

the different models on the different datasets, one error measure is not enough.

RMSE =

√√√√ 1

N

N∑
k=1

(yk − ŷk)2 (2.39)

MAPE =
1

N

N∑
k=1

∣∣∣∣yk − ŷkyk

∣∣∣∣× 100 (2.40)

MASE = mean
(∣∣∣∣ ek

1
N−1

∑N
k=2 |yk − yk−1|

∣∣∣∣) (2.41)

where the forecast error ek = yk − ŷk, yk is the observed value and ŷk is the forecasts

at time k.

Since MASE is scale-free, both analyses can easily be used involving a single dataset

and analyses containing multiple datasets. Also, MAPE is scale-free so that it can

be used for comparing different datasets, but it may give infinite or undefined val-

ues [81]. According to Rob Hyndman, when these three measures were considered,

MASE is the best error measure because of allowing to apply series on different

scales, including negative or close to zero data [41].
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CHAPTER 3

IMPLEMENTATION

In this chapter, analyses of the time series are presented in the light of information

explained in Chapter 2 were included. At first, information of data is given. Then, the

usage of algorithms is introduced. The comparison of the algorithms with each data,

also corresponding tables and figures were explained in the sequel.

In this study, nine financial time series data as log-returns of stock market indexes

and two machine learning algorithms and their combinations; in total, four different

models are used.

All tests are carried out in R Programming Language, a freely available language

for statistical computing and graphics. Additionally, Excel is used to calculate each

data’s log-returns, import the data from Excel as cvs file to R, and plot time series

of both the original data and the log return data. Moreover, descriptive statistics are

calculated in EViews. Finally, boxen & violin plots are created in Python.

3.1 Data Description

For this study, nine different stock market time series data are downloaded from Ya-

hoo Finance website, and The Wall Street Journal web page, which is listed in Ta-

ble 3.1 with their names, notations, and currencies in the market.

Stock market indices have been carefully selected considering their market orienta-

tion, size, and corresponding country development. Also, priority has been given to

the stock market indices such as European, Asian, and U.S. markets that are the most
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Table 3.1: Details of Datasets
Data Notation Currency
London Stock Market Index Financial Times Stock Exchange (FTSE 100) GBP
German Stock Market Index Deutscher Aktienindex (DAX) USD
French Stock Market Index CAC 40 (FCHI) EUR
Hong Kong Stock Market Index Hang Seng Indexes (HSI) HKD
Japan Stock Market Index Nikkei 225 (N225) JPY
China Stock Market Index Shanghai SE (SSE) CNY
New York Stock Market Index NYSE Index (NYA) USD
U.S. Stock Market Index S&P Index 500 (GSPC) USD
U.S Stock Market Index NASDAQ (IXIC) USD

used in analyses and articles [6]. Therefore, there are three European markets such

that London, Germany, and France; three Asia markets such that Hong Kong, Japan,

and China; and three U.S. markets such that New York, S&P 500, and NASDAQ.

All data are in daily frequency; however, since it is a Stock Market Index, no value

has been recorded when the Stock Exchange is closed, i.e., on weekends and national

holidays. Also, the days of the stock market are closed for all countries are not the

same, but this study aims to compare the machine learning algorithms’ performances,

so no action has been taken on this issue. The only consideration is the size of the

dataset.

Line plots of each close prices data and log-returns of close prices’ line plots can be

seen in Figure 3.1, 3.2, and 3.3. When the data are examined separately, especially

on New York, S&P 500 and NASDAQ, they all have increasing trends after years

1997-1998 which is quite essential problem for machine learning analysis because

XGBoost algorithm is not as successful as LSTM for capturing the time series with

the trend without scaling since it is a tree-based algorithm. Working with the log-

return overcomes this problem since creating return makes the series stationary, so

the algorithm’s learning capacity may increase. Also, taking log-returns makes all

data stationary, but some have variation a lot, especially at some points.
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(a) Close Prices of London (b) Log-Return of London

(c) Close Prices of Germany (d) Log-Return of Germany

(e) Close Prices of France (f) Log-Return of France

(g) Close Prices of Hong Kong (h) Log-Return of Hong Kong

Figure 3.1: Line Plots of Close Price Data (left) and Log-Return Data (right)-1
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(a) Close Prices of Japan (b) Log-Return of Japan

(c) Close Prices of China (d) Log-Return of China

(e) Close Prices of New York (f) Log-Return of New York

(g) Close Prices of S&P 500 (h) Log-Return of S&P 500

Figure 3.2: Line Plots of Close Price Data (left) and Log-Return Data (right)-2
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(a) Close Price of NASDAQ (b) Log-Return of NASDAQ

Figure 3.3: Line Plots of Close Price Data (left) and Log-Return Data (right)-3

3.1.1 Descriptive Statistics of Data

In this section, close prices of Stock Market Indexes and log-returns of data are ex-

amined statistically. In other words, the violin plots, boxen plots and the descriptive

statistics can be seen in Figure 3.4, Figure 3.5, Figure 3.6 and Table 3.2Table 3.3,

respectively. All plots are generated in Python and the descriptive statistics are cal-

culated in EViews. In the table of descriptive statistics, the mean, the median, the

maximum and the minimum, the standard deviation, the skewness and the kurtosis,

the Jarque-Bera and the probability values are calculated. The skewness value which

measures the symmetry should be zero if the series normally distributed. Otherwise,

the greater than zero values defines the right, and the smaller than zero values repre-

sents the left skewness. For the normally distributed series the kurtosis value which

describes heavy-tailed or light-tailed should be three.

According to Table 3.2 and Table 3.3, dates are differ from each other so that lengths

of observations change. For instance, Germany Stock Market Index has the minimum

observations, on the other hand, S&P 500 Stock Market Index has the maximum

observations, and the rest of the datasets are between these two extreme ones.

In Table 3.2, there is no a dataset whose skewness value is zero and kurtosis value

is three, but, some of the dataset are close to being normally distributed. The skew-

ness of Germany, France and Hong Kong Stock Market Indexes are close to zero.

However, rest of the datasets’ skewness are greater than zero which means positive

skewness in other words the right-handed tail is larger than the left-handed tail. More-

over, it can be said that kurtosis value of Germany and Japan Stock Market Indexes
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are close to three. However, except China and NASDAQ, kurtosis values are smaller

than three so that they have lighter tails than a normal distribution, but China and

NASDAQ have heavy tails.

In Table 3.3, descriptive statistics of log-return data, similar to close prices, there is
no such a dataset whose skewness is zero and kurtosis is three. But, the minimum
skewness is recorded in France with 0.21. Others are either greater or smaller than
zero. While, London and Germany datasets have negative skewness in other words
left skewness, all Asia and U.S. markets have right skewness. Also, values of kurtosis
are quite bigger than three, so all datasets have heavy tails. According to results of
descriptive statistics, there is neither similarities nor differences between markets in
terms of geographical; European, Asia and U.S..

Table 3.2: Descriptive Statistics of Close Prices Data
London Germany France Hong Kong Japan China New York S&P 500 NASDAQ

Sample 12/31/1985
7/06/2020

10/23/2014
7/06/2020

3/01/1990
7/06/2020

12/31/1986
7/06/2020

1/05/1965
7/07/2020

7/02/1997
7/06/2020

12/31/1965
7/06/2020

12/30/1927
7/10/2020

2/05/1971
7/10/2020

Observations 8820 1434 7696 8270 13654 5741 13720 23241 12467
Mean 4812.171 26.68202 3817.422 14884.84 12631.55 2318.207 4289.698 476.7728 1798.357
Median 5235.490 26.43500 3910.585 13891.65 11541.55 2181.941 2593.895 99.29000 1026.410
Maximum 7877.450 33.80000 6922.330 33154.12 38915.87 6092.057 2593.895 3386.150 10617.44
Minimum 1370.100 17.38500 1441.000 1894.900 1020.490 1011.499 347.7700 4.400000 54.87000
Std. Dev. 1780.380 2.642148 1311.927 7993.754 7896.409 908.2576 347.7700 707.1302 2077.470
Skewness 0.328543 0.075161 0.072397 0.080000 0.508235 0.867011 0.698592 1.784592 1.631817
Kurtosis 1.844208 2.938572 2.007477 1.904673 2.810221 3.948960 2.180861 1.784592 5.280342
Jarque-Bera 649.5993 1.575610 322.6120 422.2325 608.3009 934.6721 1499.545 18711.63 8234.074
Probability 0.000000 0.454842 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000

Table 3.3: Descriptive Statistics of Log-Return Data
London Germany France Hong Kong Japan China New York S&P 500 NASDAQ

Sample 12/31/1985
7/06/2020

10/23/2014
7/06/2020

3/01/1990
7/06/2020

12/31/1986
7/06/2020

1/05/1965
7/07/2020

7/02/1997
7/06/2020

12/31/1965
7/06/2020

12/30/1927
7/10/2020

2/05/1971
7/10/2020

Observations 8819 1433 7695 8269 13653 5740 13719 23240 12466
Mean 0.000169 4.62e-05 0.000133 0.000282 0.000212 0.000178 0.000229 0.000224 0.000374
Median 0.000397 0.000147 0.000377 0.000612 0.000396 0.000283 0.000500 0.000477 0.001067
Maximum 0.093843 0.092150 0.105946 0.172470 0.132346 0.094010 0.115258 0.153661 0.132546
Minimum -0.130286 -0.120154 0.130983 0.405420 0.161354 0.092561 0.212863 0.228997 0.131492
Std. Dev. 0.011111 0.014117 0.013819 0.016478 0.012765 0.015442 0.010306 0.012023 0.012519
Skewness -0.588515 -1.102095 0.212471 2.304205 0.410531 0.353807 1.102782 0.481599 0.380913
Kurtosis 13.64261 15.25181 8.740516 60.69932 12.41006 8.108591 28.51225 22.15637 13.52677
Jarque-Bera 42157.46 9252.727 10623.62 1154369. 50756.93 6361.455 374837.1 356244.3 57859.57
Probability 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000

According to Figure 3.4, close prices of Hong Kong and Japan Stock Market Indexes

look like to have some outlier points. Also, maximum values of nine datasets are

different even though minimum values look like the similar. It can be said that all

datasets except Germany have some outliers. Again, except Germany, France and

London Stock Market Indexes are similar to each other. Moreover, New York, S&P

500 and NASDAQ Stock Market Indexes have similar structure. Hong Kong and
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Japan Stock Market Indexes are similar, but China has a different structure. As a

result, this outputs are not enough to conclude having either similarities or differences

based on geographical features.

Figure 3.4: The Boxen Plots of Close Prices

The violin plots and the boxen plots of log-returns can be seen in Figure 3.5 and
Figure 3.6, respectively. The first thing that stands out is that Hong Kong Stock
Market Index has quite extreme data values similar to its close prices. The shapes
of London, China and S&P 500 datasets are similar to each other. Also, Japan and
NASDAQ have the similar shapes, on the other hand, the shapes of Germany, France,
Hong Kong and New York are similar based on their densities.
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Figure 3.5: The Violin Plots of Log-Returns

Figure 3.6: The Boxen Plots of Log-Returns

To sum up, datasets are not distributed normally according to their descriptive statis-

tics and plots of violin & boxen.
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Moreover, the cross-correlation of log-return data can be seen in Figure 3.7 as a 9x9

scatter plot. The scatter plots of the cross-correlation examines the relationship be-

tween two variables. Here, our variables are the log-returns of close prices’ stock

market indexes. Since cross-correlations can only examine the relationship in exactly

the same length of data, and since the Germany Stock Market Index has the mini-

mum length, so all lengths of datasets are adjusted according to length of Germany

Stock Market Index. One dataset is represented in blue colour and the other one is

orange. The names of the stock market indexes are located in the diagonal. Looking

at the plots, it can be said that; there is an obvious relationship between S&P 500

and the NASDAQ Stock Market Indexes, and it can be explained by the fact that they

are both owned by the U.S. stock market and have been affected by similar factors.

Interestingly, there is a relationship between Germany and China, in other words a

positive correlation. However, no such relationship has been observed in any of the

other datasets.

Figure 3.7: The Scatter Correlation Plots of Nine Data
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3.2 Analyses of the Algorithms

3.2.1 LSTM Algorithm

LSTM Algorithm which also could be seen in Algorithm 2 is compiled in R frame-

work with keras [24] and tensorflow [3] packages. TensorFlow which is designed for

large dataset and non-homogenous environments is a ML system [3]. Accordingly,

Keras as an API is developed for fast implementation can be used in TensorFlow [36].

Algorithm 2 LSTM Algorithm
1: library (keras, tensorflow, forecast, Metrics, ggplot2)

2: Make dataset stationary with differencing or log transforming (if necessary) [18,

21, 45]

3: Create an embedding matrix with lag order

4: Split data into training and testing

5: Normalize data with min-max scaling

6: Define the model

7: Compile the model with validation

8: Tune hyper-parameters

9: Fit the model on entire data

10: Invert scaling

11: Make predictions for test data and train data

12: Measure accuracy

13: Plot observed and predicted data

14: Save residuals

In the beginning, log-return data imported from Excel as a xlsx file is analysed. Only

the “Close Prices”column is considered; therefore, log-returns are created from this

column. As a result of the analysis, it is decided that data should not be cleaned to

purify the outliers. Nevertheless, taking either the first or the second difference is a

necessary step depending on each data. If there is back differentiation, the data is

differentiated once or twice at this step. After that, a specific lag order embedding

matrix is created on differentiated data to set an effective neural network. To train
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the model and predict future values, data is split into two categories as training and

testing. It is arranged for all nine data, as %80 for training and %20 for testing data

set. Also, validation is applied first with the value of validation_split = 0.1. Since

LSTM requires scaling to preserved much varying range of values of data, data is

normalized with min-max scaling between the specific range [0, 1] with the following

equation:

XSC =
X −Xmin

Xmax −Xmin

.

Then, transform is inverted for both reporting and plotting in the original scale of

data. After all this, the proper model is defined with appropriate batch size and unit

on keras. Later, the model is compiled with validation and corresponding loss func-

tion, optimizer, learning rate, epochs, batch size, and validation split on train data.

Then, the model is fitted on the entire training dataset without validation and with the

same arrangements. The next step is making predictions for both train and test data.

Again with the invert scaling, data is in its original scale after predictions. Ultimately

accuracy is measured in order to observe whether the model and the predictions are

accurate or not. Likewise, the model’s performance could be seen by plotting the

observed and the predicted values of the model on the same graph 3.19 – 3.26. Fi-

nally, to continue with the hybrid model taking residuals is essential for using them

in XGBoost Algorithm.
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3.2.2 XGBoost Algorithm

To apply XGBoost, keras [24], caret (short for classification and regression train-

ing) [48] and tidyverse [84] packages are auxiliary mandatory packages, but the main

package is xgboost.

Algorithm 3 XGBoost Algorithm
1: library (keras, tidyverse, xgboost, caret, ggplot2)

2: Create time series related features (Table 3.5 and Table 3.16)

3: Normalize necessary features

4: Place features into a data frame

5: Get correlation matrix

6: Apply Boruta Feature Selection Algorithm

7: Adjust data frame with respect to results of Boruta

8: Split data into training and testing

9: Convert train and test data into xgb.DMatrix format

10: Specify cross-validation method and number of folds

11: Create a hyper-parameter grid

12: Train the model with tuned hyper-parameters

13: Make predictions for train and test data

14: Measure accuracy

15: Plot observed and predicted data

16: Save residuals

Like the beginning of the LSTM algorithm, first of all, data is imported from Excel.

It is considered the “Close Prices”, column in which log-returns are created. It is

so directly created lagged and rolling mean vectors with the specific number of lag

and rolling mean, respectively, then place them into a matrix and exclude the NA

values. For example, in Equation 3.1 there is a 5 × 4 matrix with 4 lags, and each

column vector represents a lagged version of an original vector with a corresponding
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lag number.

lag1 lag2 lag3 lag4



NA NA NA NA

a NA NA NA

b a NA NA

c b a NA

d c b a

e d c b

lag1 lag2 lag3 lag4

where a, b, c, d, e ∈ R. (3.1)

Having ratio matrix, NA parts are eliminated; therefore 2 × 4 matrix is considered

afterwards: d c b a

e d c b

 (3.2)

where a, b, c, d, e ∈ R.

Another example is rolling means. It is created with the corresponding R function,

manually. It takes averages up to the given number. For instance, let the number of

rolling means is nrol = 4, then it takes the averages of the previous three variables

and the fourth variable. Then, it creates another column for this averaging process. It

can be done for more than one rolling mean number, and all created columns can be

gathered in one data frame or a matrix. In this thesis, the number of rolling means,

and the number of lags are suitably chosen according to PACF of each data due to def-

inition of PACF. Then, variables that may be related to the dataset are generated and

put all in a data frame that will be used in XGBoost algorithm analysis. Also, Boruta

Algorithm is applied to that data frame so that insignificant variables are removed.

Moreover, heatmaps are considered to capture linear relationship between variables.

However, adjustments of data frame are done based on Boruta Feature Selection Al-

gorithm because it not only captures the linear relationship but also the non-linear

relationship.

The regularized data frame is split into training and testing parts: %80 training and

%20 testing. It is crucial to convert train and test dataset into xgb.DMatrix format

supported by xgboost. Another step is specifying the cross-validation method and

49



number of folds to control the model.

One of the essential steps becomes regulating XGBoost hyper-parameters. For this

step, a grid is created, including the number of rounds, maximum depth, colsample

by tree, eta, gamma, minimum child weight, and subsample. Not only one single

value for the hyper-parameters, but it is provided to try all the possibilities at once.

Then, the model is trained with assigned hyper-parameters. According to the outputs,

the hyper-parameters can be changed to obtain better results. Later, predictions are

performed for both train and test data, and the accuracy is measured to utilize the

model. For a better view, the observed and the predicted data are plotted to the same

figure 3.19 – 3.26. At the end of this algorithm, residuals are attained to use in the

LSTM hybrid model.

3.2.3 Hybrid Algorithm

As can be seen in Algorithm 4, after compiling both LSTM and XGBoost, their resid-

uals are obtained by subtracting the predicted value from the real value. Then, XG-

Boost is applied to residuals of LSTM, and LSTM ,s used for residuals of XGBoost

to combine the two models. After that, the single model forecasts and the residual

forecasts are combined, and error measures are calculated. Finally, the evaluation

criteria are reached to decide which model is more appropriate.

Algorithm 4 Hybrid Algorithm
1: Observe the forecast values from LSTM/XGBoost

2: Obtain the residuals from LSTM/XGBoost

3: Model residuals with XGBoost/LSTM

4: Combine the first model forecasts and the residual forecasts

The rest of this chapter is organized so that data and corresponding algorithms with

their results are analysed in detail. Correspondingly, there are nine data and each data

is handled with four algorithms.
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3.3 Implementations of the Algorithms

The application of algorithms such that (1) pure LSTM, (2) XGBoost applied to resid-

uals of LSTM, (3) LSTM applied to residuals of XGBoost and (4) pure XGBoost to

nine different stock market indexes are examined in this section. Since the primary

purpose is to compare the performances of the algorithms, this section is split into

four by the model names. Moreover, hyper-parameters, error graphs, correlation ma-

trices, and feature selection results for nine different datasets are presented within the

context.

3.3.1 LSTM

First, the datasets downloaded from the Yahoo Finance web page and The Wall Street
Journal web page as xlsx files are cleared of empty values in the Excel program.
Then, the log-return datasets created from the stock market index’s closing values
are transferred to the R environment, and the analysis starts. Initially, the embedding
matrix is created, and the lag order required for this matrix is selected by investigating
at the significant lag in the PACF graph of data. The dataset is then normalized
by using min-max scaling, provided that back scaling is done. Only the train set is
used when scaling to avoid over-fitting. LSTM is applied separately to nine different
datasets with hyper-parameters given in Table 3.4.

Table 3.4: Hyper-parameters used in LSTM for Nine Datasets
Hyper-parameters London Germany France Hong Kong Japan China New York S&P 500 NASDAQ
lag_order 7 4 5 3 6 15 16 16 18
epochs 800 500 800 800 1000 800 1000 2000 1000
batch size 32 32 32 32 32 32 128 128 64
layer_lstm(unit) 2(32,32) 1(32) 2(32,32) 2(32,32) 2(32,32) 2(32,32) 2(32,32) 2(32,32) 2(32,32)
layer_dense(unit) 2(16,1) 2(16,1) 2(16,1) 2(16,1) 2(16,1) 2(16,1) 2(16,1) 2(16,1) 2(16,1)
validation_split 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
optimizer adam adam adam adam adam adam adam adam adam
learning rate 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001
loss mse mse mse mse mse mse mse mse mse
metrics mse mse mse mse mse mse mse mse mse
layer_dropout 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2
L2 regularizer 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001

To choose the best hyper-parameter, the validation method is applied; therefore, the

validation_split value is included in the model. According to the results obtained

from this validation model, re-adjustments are made in the hyper-parameters, and the

main LSTM model is created and applied to the whole train set. With the test set,

the model’s performance at values that it has never encountered hitherto is examined
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in the prediction part. Also, dropout_value and L2 regularization term are added to

prevent over-fitting. The model includes two LSTM layers with thirty-two internal

units, one dense layer with sixteen units, and another dense layer with one unit. Only

in Germany dataset there is an LSTM layer with thirty-two internal units, and the

number of dense layers is the same as the other models. In line with the values in

Table 3.4, the validation-training graph varying according to the number of epochs

is given separately for each dataset in the left side of Figure 3.8, Figure 3.9 and

Figure 3.10. The red colour represents the training set, and the validation is in blue.

The upper side of the plot is for Loss, and the lower side of the plot is for MSE.

Besides, the Loss-MSE scatter plots that change according to the number of epochs

created for the entire dataset, not just for the validation set, is also shown in the right

side of Figure 3.8 and Figure 3.9.

For validation-training plots of nine dataset there is neither under-fitting nor over-
fitting situations resulting in a low or large difference between the training and vali-
dation loss, respectively. For the Loss-MSE scatter plots of nine dataset, it could be
inferred that models converge.

(a) London (b) London

(c) Germany (d) Germany

Figure 3.8: Validation-Traning (left) and Loss-MSE (right) Plots for LSTM-1
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(a) France (b) France

(c) Hong Kong (d) Hong Kong

(e) Japan (f) Japan

(g) China (h) China

Figure 3.9: Validation-Traning (left) and Loss-MSE (right) Plots for LSTM-2
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(a) New York (b) New York

(c) S&P 500 (d) S&P500

(e) NASDAQ (f) NASDAQ

Figure 3.10: Validation-Traning (left) and Loss-MSE (right) Plots for LSTM-3

3.3.2 XGBoost to Residuals of LSTM

It is endeavoured to increase the model accuracy by implementing the XGBoost al-
gorithm to residuals, created by extracting predicted data from observed values from
the LSTM model. This method is inspired by Zhang [90] and by Makridakis [80]. In
this study, the effect of the hybridization order of different classes-LSTM (neural net-
work algorithm) and XGBoost (tree-based algorithm)-algorithms on performance, is
aimed to be examined. The data in Table 3.5 is created by considering the values that
the obtained residual dataset may be related to. The lags are considered to catch AR
structure and the rolling means are considered to catch MA structure in datasets. The
log-returns are created from close prices but there might be a relationship between
log-returns and differences of high, low, close, and open prices. So, their differences
and themselves are included in the data frame. To observe change depends on time
in variations, square of close prices, square of log-returns itself and for residual anal-
ysis, square of residuals of LSTM are considered. The left of the Table 3.5 entries
are included because they might be relevant and to understand the non-linear struc-
ture much better. Furthermore, these entries except residuals are considered for the
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XGBoost algorithm, too. Also, the last eight data in Table 3.5 are normalized with
min-max scaling due to the possibility of multicollinearity. After that, whole values
are saved as a data frame.

Table 3.5: Correlation Matrix Entries for Residuals of LSTM
Entry Explanation
X1,. . . ,Xn Lags
X1.1,. . . ,Xn.1 Rolling means
diffr_high_low Difference between the High and Low prices of stock market index
diffr_open_close Difference between the Open and Close prices of stock market index
close_price_corr Close price of data
open_price_corr Open price of data
scaled_close_sqr Scaled square of Close price
scaled_close_sqrt Scaled root mean square of Close price
scaled_return_square Scaled square of log-return
scaled_return_cube Scaled cube of log-return
scaled_resid_sqaure Scaled square of residuals of LSTM
scaled_resid_cube Scaled cube of residuals of LSTM
scaled_diffr_return_resid Scaled difference between log-return and residuals of LSTM
scaled_sqr_diffr_return_resid Scaled square of difference between log-return and residuals of LSTM

The correlation between data in this data frame can be seen in the left sides of Fig-

ure 3.11, Figure 3.12,and Figure 3.13. In a colour scale from red to blue, the darkest

red represents the negative correlation by taking the value of−1, and the darkest blue

represents the positive correlation with a value of +1 at the x-axis. On the y-axis and

at the diagonal are the names of variables with the same order as in Table 3.5. In the

correlation heatmaps, obviously there is a positive correlation between rolling means.

Additionally, there is a negative relationship with scaled difference between return

and residuals of LSTM and other variables.

In addition, thanks to the Boruta Feature Selection Algorithm, information is obtained
about which data are important and which are not. The resulting graph of the Boruta
Feature Selection Algorithm can also be accessed in the right sides of Figure 3.11,
Figure 3.12,and Figure 3.13. The colours in the Boruta chart; those in red represent
unimportant ones, and those indicated in green represent important variables. On the
x-axis, there are names of variables, and on the y-axis, importance value. Accord-
ingly, unimportant variables are removed from the data frame before compiling the
model.
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(a) Correlation Heatmap-London
(b) Boruta-London

(c) Correlation Heatmap-Germany
(d) Boruta-Germany

(e) Correlation Heatmap-France
(f) Boruta-France

(g) Correlation Heatmap-Hong Kong
(h) Boruta-Hong Kong

Figure 3.11: Correlation Heatmap (left) and Boruta Output (right) of Residuals of
LSTM-1
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(a) Correlation Heatmap-Japan
(b) Boruta-Japan

(c) Correlation Heatmap-China
(d) Boruta-China

(e) Correlation Heatmap-New York
(f) Boruta-New York

(g) Correlation Heatmap-S&P500
(h) Boruta-S&P 500

Figure 3.12: Correlation Heatmap (left) and Boruta Output (right) of Residuals of
LSTM-2
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(a) Correlation Heatmap-NASDAQ
(b) Boruta-NASDAQ

Figure 3.13: Correlation Heatmaps (left) and Boruta Outputs (right) of Residuals of
LSTM-3

The outputs of Boruta for XGBoost applied to residuals of LSTM can be seen in

Table 3.6 - 3.14. The outputs contains the duration of performances, the important,

the unimportant and the tentative attributes. The average duration is forty minutes

for nine datasets. The explanations of attributes are given in Table 3.5. Generally,

lag values are often found to be insignificant for nine dataset. However, for Hong

Kong Stock Market Index, not only lag values but also rolling means are evaluated as

insignificant. Tentative attributes are not calculated for all datasets, but the calculated

ones are included in the data frame for implementation, although they are tentative.

However, the unimportant attributes are removed from the data frame.

Table 3.6: Output of Boruta-XGBoost applied to Residuals of LSTM-London
Boruta performed 29 iterations in 10.23638 mins.

21 attributes confirmed important: close_price_corr, diffr_high_low, diffr_open_close, open_price_corr, scaled_close_sqr and 16 more;
3 attributes confirmed unimportant: X3, X4, X5;

Table 3.7: Output of Boruta-XGBoost applied to Residuals of LSTM-Germany
Boruta performed 64 iterations in 2.670918 mins.

20 attributes confirmed important: diffr_open_close, scaled_diffr_return_resid, scaled_resid_cube, scaled_return_cube, scaled_return_square and 15 more;
10 attributes confirmed unimportant: close_price_corr, diffr_high_low, open_price_corr, scaled_close_sqr, scaled_close_sqrt, X5, X6, X7, and X8;

Table 3.8: Output of Boruta-XGBoost applied to Residuals of LSTM-France
Boruta performed 67 iterations in 20.21529 mins.

23 attributes confirmed important: close_price_corr, diffr_high_low, diffr_open_close, open_price_corr, scaled_close_sqr and 18 more;
5 attributes confirmed unimportant: X3, X4, X5, X6, X7;

Table 3.9: Output of Boruta-XGBoost applied to Residuals of LSTM-Hong Kong
Boruta performed 99 iterations in 36.15097 mins..

14 attributes confirmed important: diffr_open_close, scaled_diffr_return_resid, scaled_resid_cube, scaled_resid_square, scaled_return_cube and 9 more;
11 attributes confirmed unimportant: X10.1, X10.2, X10.3, X10.4, X10.5, X10.6, X3, X4, X5, X6 X7, X8, and X9;

7 tentative attributes left: close_price_corr, diffr_high_low, open_price_corr, scaled_close_sqr, scaled_close_sqrt and 2 more;
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Table 3.10: Output of Boruta-XGBoost applied to Residuals of LSTM-Japan
Boruta performed 19 iterations in 16.81867 mins.

22 attributes confirmed important: close_price_corr, diffr_high_low, diffr_open_close, open_price_corr, scaled_close_sqr and 17 more;
4 attributes confirmed unimportant: X3, X4, X5, X6;

Table 3.11: Output of Boruta-XGBoost applied to Residuals of LSTM-China
Boruta performed 64 iterations in 18.83463 mins.

24 attributes confirmed important: close_price_corr., diffr_high_low, diffr_open_close, open_price_corr, scaled_close_sqrand 19 more;
8 attributes confirmed unimportant: X3, X4, X5, X6, X7, X8, X9, and X10;

Table 3.12: Output of Boruta-XGBoost applied to Residuals of LSTM-New York
Boruta performed 99 iterations in 1.197759 hours.

23 attributes confirmed important: close_price_corr, diffr_high_low, diffr_open_close, open_price_corr, scaled_close_sqrand 18 more;
6 attributes confirmed unimportant: X4, X5, X6, X7, X8 and 1 more;

1 tentative attributes left: X8.1;

Table 3.13: Output of Boruta-XGBoost applied to Residuals of LSTM-S&P 500
Boruta performed 54 iterations in 1.469398 hours.

24 attributes confirmed important: close_price_corr, diffr_high_low, diffr_open_close., open_price_corr, scaled_close_sqr and 19 more;
6 attributes confirmed unimportant: X4, X5, X6, X7, X8 and X9;

Table 3.14: Output of Boruta-XGBoost applied to Residuals of LSTM-NASDAQ
Boruta performed 43 iterations in 23.07235 mins.

20 attributes confirmed important: close_price_corr, diffr_high_low, diffr_open_close, open_price_corr, scaled_close_sqr and 15 more;
2 attributes confirmed unimportant: X3, X4;

Also, the number of created lags and rolling means is decided by looking at the
residuals’ PACF. The cross-validation method is preferred to select the best hyper-
parameters for the XGBoost algorithm. The hyper-parameter table of the model XG-
Boost applied to the residuals obtained from LSTM of the nine datasets is shown in
Table 3.15.

Table 3.15: Hyper-parameters used in XGBoost for Nine Datasets-Residuals of
LSTM

Hyper-parameters London Germany France Hong Kong Japan China New York S&P 500 NASDAQ
number of lags 6 9 8 10 7 10 9 9 5
number of rolling means 6 9 8 10 7 10 9 9 5
number of folds 3 3 3 3 3 3 3 3 3
nrounds 2000 1000 1000 2000 2000 1500 1500 2000 2000
max_depth 6 10 10 15 15 15 10 6 10
colsample_bytree 0.9 0.8 0.9 0.9 0.9 0.9 0.8 0.9 0.9
eta 0.01 0.01 0.01 0.01 0.01 0.01 0.3 0.01 0.01
gamma 0 0 0 0 0 0 0 0 0
min_child_weight 1 1 1 1 1 1 1 1 1
subsample 1 1 1 1 1 1 1 1 1
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3.3.3 XGBoost

The data downloaded from the Yahoo Finance website and The Wall Street Journal
website in xlsx format is cleared of null values first. Log-return datasets are created
at the Close price of the stock market index in Excel format and transferred to the R
environment. As a result of this, the data is made ready for the XGBoost application.
Initially, AR values are obtained from lags and MA values from rolling means with
writing appropriate functions. To decide on the number of lags and rolling means, the
significant lag values of the PACF graphs of the data are examined. After the lag and
rolling mean matrices, other variables assumed to be required are generated; these are
displayed in Table 3.16.

Table 3.16: Correlation Matrix Entries for XGBoost
Entry Explanation
X1,. . . ,Xn Lags
X1.1,. . . ,Xn.1 Rolling means
diffr_high_low Difference between the High and Low prices of stock market index
diffr_open_close Difference between the Open and Close prices of stock market index
close_price_corr Close price of data
open_price_corr Open price of data
scaled_close_sqr Scaled square of Close price
scaled_close_sqrt Scaled root mean square of Close price
scaled_return_square Scaled square of log-return
scaled_return_cube Scaled cube of log-return

After the variables that may cause multicollinearity are normalized with min-max
scaling, a data frame is created. The correlation matrix of this data frame is observed,
and as the further step, significant and insignificant values are determined with the
Boruta Feature Selection Algorithm. Graphs of Boruta Feature Selection and the
Correlation Heatmap can be seen in Figure 3.14 and Figure 3.15. Correlation matrices
on the left side of figures and graphics are on the right. There is a scale from dark red
to dark blue in correlation matrices on the x-axis. The darkest red indicates a negative
correlation with the -1 value, and the darkest blue indicates a positive correlation with
the +1 value.
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(a) Correlation Heatmap-London (b) Boruta-London

(c) Correlation Heatmap-Germany (d) Boruta-Germany

(e) Correlation Heatmap-France (f) Boruta-France

(g) Correlation Heatmap-Hong Kong (h) Boruta-Hong Kong

(i) Correlation Heatmap-Japan (j) Boruta-Japan

Figure 3.14: Correlation Heatmaps (left) and Boruta Outputs (right) of XGBoost-1
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(a) Correlation Heatmap-China (b) Boruta- China

(c) Correlation Heatmap-New York (d) Boruta-New York

(e) Correlation Heatmap-S&P 500 (f) Boruta- S&P 500

(g) Correlation Heatmap-NASDAQ (h) Boruta-NASDAQ

Figure 3.15: Correlation Heatmaps (left) and Boruta Outputs (right) of XGBoost-2

In Boruta charts, the green colour represents the crucial variables, and the red colour
represents the insignificant variables. Variable names are on the x-axis, and their
importance values are on the y-axis. A model is generated for nine separate stock
market index datasets by applying the hyper-parameters in Table 3.17 to the created
data frame. For the best model, the hyper-parameters shown in Table 3.17 are selected
by applying the cross-validation method. Finally, the residuals required for the next
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step are obtained.

Table 3.17: Hyper-parameters used in XGBoost for Nine Datasets
Hyper-parameters London Germany France Hong Kong Japan China New York S&P 500 NASDAQ
number of lags 7 4 5 3 6 15 16 16 18
number of rolling means 7 4 5 3 6 15 16 16 18
number of folds 3 3 3 3 3 3 3 3 3
nrounds 1000 1500 2000 1000 2000 2000 2000 1500 2000
max_depth 6 15 6 10 10 20 10 10 15
colsample_bytree 0.8 0.9 0.9 0.7 0.9 0.9 0.9 0.9 0.9
eta 0.3 0.01 0.1 0.1 0.01 0.01 0.01 0.01 0.01
gamma 0 0 0 0 0 0 0 0 0
min_child_weight 1 1 1 1 1 1 1 1 1
subsample 1 1 1 1 1 1 1 1 1

Outputs of Boruta Feature Selection Algorithm results for nine dataset are included
below. It could be seen in Table 3.19 – 3.26 the important, unimportant and tentative
attributes with number of iterations in minutes. Similar to Boruta results of XGBoost
applied to residuals LSTM, generally, the lags except the first and second are con-
firmed unimportant. There are not many tentative attributes, but some of the datasets
have. These tentative attributes are included in the data frame for implementation
steps. Only a different result is shown in the Germany dataset which is similar to
Boruta results of XGBoost applied to residuals of LSTM.

Table 3.18: Output of Boruta-XGBoost-London
Boruta performed 99 iterations in 30.69481 mins.

17 attributes confirmed important: close_price_corr, diffr_high_low, diffr_open_close, open_price_corr, scaled_close_sqr and 12 more;
4 attributes confirmed unimportant: X4, X5, X6, X7;

1 tentative attributes left: X3;

Table 3.19: Output of Boruta-XGBoost-Germany
Boruta performed 99 iterations in 2.175868 mins.

7 attributes confirmed important: scaled_return_cube, scaled_return_square, X1, X1.1, X2.1 and 2 more;
8 attributes confirmed unimportant: close_price_corr, diffr_high_low, diffr_open_close open_price_corr, scaled_close_sqr,close_price_corr,scaled_close_sqrt, and X3;

1 tentative attributes left: X2;

Table 3.20: Output of Boruta-XGBoost-France
Boruta performed 39 iterations in 9.542425 mins.

15 attributes confirmed important: close_price_corr, close_sqr, close_sqrt, diffr_high_low, diffr_open_close and 10 more;
3 attributes confirmed unimportant: X3, X4, X5;

Table 3.21: Output of Boruta-XGBoost-Hong Kong
Boruta performed 99 iterations in 23.70134 mins.

9 attributes confirmed important: close_price_corr, diffr_open_close, scaled_return_cube, scaled_return_square, X1 and 4 more;
1 attributes confirmed unimportant: X3;

4 tentative attributes left: diffr_high_low, open_price_corr, scaled_close_sqr, scaled_close_sqrt;

Table 3.22: Output of Boruta-XGBoost-Japan
Boruta performed 50 iterations in 33.46352 mins.

16 attributes confirmed important: close_price_corr, diffr_high_low, diffr_open_close, open_price_corr, scaled_close_sqr and 11 more;
4 attributes confirmed unimportant: X3, X4, X5, X6;
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Table 3.23: Output of Boruta-XGBoost-China
Boruta performed 99 iterations in 27.89236 mins.

26 attributes confirmed important: close_price_corr, diffr_high_low, diffr_open_close, open_price_corr, scale_close_sqr and 21 more;
11 attributes confirmed unimportant: X5, X6, X7, X8, X9, X10, X11, X12, X13, X14, and X15;

1 tentative attributes left: X4;

Table 3.24: Output of Boruta-XGBoost-New York
Boruta performed 57 iterations in 1.028198 hours.

27 attributes confirmed important: close_price_corr, diffr_high_low, diffr_open_close, open_price_corr, scaled_close_sqr and 22 more;
13 attributes confirmed unimportant: X4, X5, X6, X7, X8, X9, X10, X11, X12, X13, X14, X15 and X16;

Table 3.25: Output of Boruta-XGBoost-S&P 500
Boruta performed 99 iterations in 3.18507 hours.

26 attributes confirmed important: close_price_corr, diffr_open_close, open_price_corr, scaled_close_sqr, scaled_close_sqrt and 21 more;
13 attributes confirmed unimportant: X4, X5, X6, X7, X8, X9, X10, X11, X12, X13, X14, X15 and X16;

1 tentative attributes left: diffr_high_low;

Table 3.26: Output of Boruta-XGBoost-NASDAQ
Boruta performed 50 iterations in 47.79045 mins.

29 attributes confirmed important: close_price_corr, diffr_high_low, diffr_open_close, open_price_corr, scaled_close_sqr and 24 more;
15 attributes confirmed unimportant: X4, X5, X6, X7, X8, X9, X10, X11, X12, X13, X14 X15, X16, X17 and X18;

3.3.4 LSTM to Residuals of XGBoost

The study continues by applying the LSTM model as another combination of the
hybrid model to the residuals obtained from the XGBoost model. To establish the
LSTM model, the residuals obtained are placed in the embedding matrix as a first
step. For the lag number, the significant lag of the residuals PACF graph is taken into
account due to definition of PACF which measures the linear correlation between xt
and lagged version of itself xt+k with removing linear dependence of
xt−1, xt−2, · · ·xt−(k−1) [40]. Min-Max scaling applied data becomes ready to be used
in the model after this step. Dropout hyper-parameter and LSTM & Dense layers
are added to avoid over-fitting. In order to prevent possible over-fitting and under-
fitting conditions, the model is first tried on a validation set. According to the vali-
dation model results, it is implemented to the entire dataset with appropriate hyper-
parameters. Validation-Training and Loss-MSE for the entire dataset, which vary
according to the number of epochs, can be viewed in Figure 3.16 and Figure 3.17,
respectively. Validation-Training plots are positioned to the left side in both figures,
and Loss-MSE are to the right side. Also, in both figures, the x-axis refers to the
number of epochs and the y-axis the error value. For validation-training plots of nine
dataset, there is over-fitting or under-fitting. So, hyper-parameters set for validation
are suitable for the model. It could be seen that they all converge in the Loss-MSE
scatter plot of the model established with these hyper-parameters.
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(a) London (b) London

(c) Germany (d) Germany

(e) France (f) France

(g) Hong Kong (h) Hong Kong

(i) Japan (j) Japan

Figure 3.16: Validation-Training (left) and Loss-MSE (right) Plots for Residuals of
XGBoost-1
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(a) China (b) China

(c) New York (d) New York

(e) S&P 500 (f) S&P 500

(g) NASDAQ (h) NASDAQ

Figure 3.17: Validation-Training (left) and Loss-MSE (right) Plots for Residuals of
XGBoost-2
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The hyper-parameters used for the LSTM model applied to residuals of XGBoost can
be accessed from Table 3.27.

Table 3.27: Hyper-parameters used in LSTM for Nine Datasets-Residuals of
XGBoost

Hyper-parameters London Germany France Hong Kong Japan China New York S&P 500 NASDAQ
lag order 11 9 8 11 2 3 8 2 15
epochs 800 500 800 800 1000 800 1000 2000 1000
batch size 32 32 32 64 32 32 128 128 64
layer_lstm(unit) 2(32,32 1(32) 2(32,32) 2(32,32) 2(32,32) 2(32,32) 2(32,32) 2(32,32) 2(32,32)
layer_dense(unit) 2(16,1) 2(16,1) 2(16,1) 2(16,1) 2(16,1) 2(16,1) 2(16,1) 2(16,1) 2(16,1)
validation_split 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
optimizer adam adam adam adam adam adam adam adam adam
learning rate 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001
loss mse mse mse mse mse mse mse mse mse
metrics mse mse mse mse mse mse mse mse mse
layer_dropout 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2
L2 regularizer 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001

3.3.5 Results of the Algorithms

In the following sub-sections, the graphs of the observed-predicted values of the four

models created for nine datasets and the error tables of these four models are given,

and the results are evaluated. In this context, titles are named with datasets, and results

are presented. The chart layout is the same for all datasets; in the upper left corner, is

the observed-predicted graph of the LSTM result, and in the upper right corner is the

XGBoost graph applied to residuals obtained from LSTM. The XGBoost application

in the lower-left corner and the LSTM graph applied to the residuals obtained from

XGBoost in the lower right corner. For all four plots, the date is placed on the x-

axis, and values are on the y-axis. The blue colour represents the fitted train data,

the testing set predictions are represented as orange, and the black lines represent

the original log-return data. Besides, in error tables, model positions are the same as

observed-predicted plots. Some of the error tables have Inf value in MAPE measure.

Due to the calculation of MAPE; if there is a zero value at the bottom, then it will

give zero value, which can be shown in ( 2.40).

3.3.5.1 London Stock Market Index Log-Return Data (FTSE 100)

The original log-return data fluctuates at the beginning and at the middle of the se-
ries. These fluctuations continues in the residuals of LSTM. However, by looking the
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residuals of XGBoost it can be said that these extreme points are not visible, so it is
more stable.

(a) LSTM (b) XGBoost Applied to Residuals of LSTM

(c) XGBoost (d) LSTM Applied to Residuals of XGBoost

Figure 3.18: Observed-Predicted Plot for London Stock Market Index Log-Return
Data

— original data — predicted train — predicted test

By considering these four models, the minimum RMSE, MAPE and MASE values are
recorded in XGBoost applied to residuals of LSTM. In LSTM and XGBoost, MAPE
values are calculated as Inf (infinity) because of the definition of MAPE evaluation
criteria. As a result of Table 3.28, the hybrid model, especially XGBoost applied to
residuals of LSTM yields the best results.

Table 3.28: Error Measures of London Stock Market Index Log-Return Data

LSTM XGBoost Applied to Residuals of LSTM

RMSE MAPE MASE RMSE MAPE MASE

London Train 0.0163 Inf 1.0049 0.00005 0.0503 0.0025
London Test 0.0101 Inf 0.3502 0.00013 0.1634 0.0081

XGBoost LSTM Applied to Residuals of XGBoost

RMSE MAPE MASE RMSE MAPE MASE

London Train 0.00025 Inf 0.0164 0.00036 15.2148 1.0019
London Test 0.00046 Inf 0.0317 0.00046 0.4996 0.5009
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3.3.5.2 Germany Stock Market Index Log-Return Data (DAX)

In Figure 3.19b, after date 2020, there are unpredicted data with black lines. It oc-
curs because XGBoost is not very good at predicting unseen values. In other words,
the range of the unpredicted part is not in the range of the train set, so XGBoost
cannot learn this pattern and therefore cannot predict. The similar issue occurs in
Figure 3.19c. The upper part of the test set cannot be predicted because of the range
issues. Since that part cannot be predicted, the residuals of XGBoost is large, which
can also be seen in the last part of Figure 3.19d.

(a) LSTM (b) XGBoost Applied to Residuals of LSTM

(c) XGBoost (d) LSTM Applied to Residuals of XGBoost

Figure 3.19: Observed-Predicted Plot for Germany Stock Market Index Log-Return
Data

— original data — predicted train — predicted test

The minimum RMSE and MASE values for both train and test datasets are evaluated
with XGBoost. Nevertheless, the minimum MAPE values are evaluated in XGBoost
applied to residuals of LSTM. Table 3.29 shows that the hybrid model does not yield
results better; pure XGBoost model performs the best results for Germany stock mar-
ket index log-return data.
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Table 3.29: Error Measures of Germany Stock Market Index Log-Return Data

LSTM XGBoost Applied to Residuals of LSTM

RMSE MAPE MASE RMSE MAPE MASE

Germany Train 0.0171 Inf 0.9963 0.0002 0.0455 0.0074
Germany Test 0.0210 Inf 0.3259 0.0056 0.1927 0.0791

XGBoost LSTM Applied to Residuals of XGBoost

RMSE MAPE MASE RMSE MAPE MASE

Germany Train 0.000072 Inf 0.0030 0.00010 14.0902 0.9834
Germany Test 0.0042 Inf 0.0371 0.0045 0.6153 0.2583

3.3.5.3 France Stock Market Index Log-Return Data (FCHI)

For three plots; Figure 3.20a, 3.20b and 3.20c, there are some extreme values at the
similar times but well predicted. Figure 3.20d, at the end of the test set, there is a
specific outlier. It comes from unsuccessful XGBoost prediction at the end of the
test set due to range issues of XGBoost mentioned in the previous subsection with
Germany data.

(a) LSTM (b) XGBoost Applied to Residuals of LSTM

(c) XGBoost (d) LSTM Applied to Residuals of XGBoost

Figure 3.20: Observed-Predicted Plot for France Stock Market Index Log-Return
Data

— original data — predicted train — predicted test

Considering four models, the minimum RMSE, MAPE, and MASE values occur at
XGBoost applied to residuals of LSTM. It implies that the hybridization of LSTM &

XGBoost performs better than pure models. Also, it can be mentioned about the hy-
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bridization order so that XGBoost applied to residuals of LSTM is better than LSTM
applied to residuals of XGBoost. In other words, the best result is obtained by first
applying LSTM to log-return data and then implementing XGBoost to the residuals
of LSTM.

Table 3.30: Error Measures of France Stock Market Index Log-Return Data

LSTM XGBoost Applied to Residuals of LSTM

RMSE MAPE MASE RMSE MAPE MASE

France Train 0.0197 Inf 0.9769 0.00007 0.0722 0.0023
France Test 0.0127 0.5087 0.3488 0.00053 0.0319 0.0104

XGBoost LSTM Applied to Residuals of XGBoost

RMSE MAPE MASE RMSE MAPE MASE

France Train 0.0002 Inf 0.0126 0.00034 12.6647 0.9973
France Test 0.0010 0.0960 0.0179 0.0010 0.5036 0.3336

3.3.5.4 Hong Kong Stock Market Index Log-Return Data (HSI)

There are specific two extreme values at the original Hong Kong log-return data,
and it can be seen at the beginning of Figures 3.21a and 3.21c. The result of poor
prediction in Figure 3.21b also shows two extreme values at the beginning of the data.
Interestingly, in Figure 3.21d, although the general structure of data looks stationary
and well predicted, there is an outlier at the end of the test data.
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(a) LSTM (b) XGBoost Applied to Residuals of LSTMa

(c) XGBoost (d) LSTM Applied to Residuals of XGBoost

Figure 3.21: Observed-Predicted Plot for Hong Kong Stock Market Index
Log-Return Data

— original data — predicted train — predicted test

As a result of error values, the minimum RMSE, MAPE, and MASE values are ob-
tained from the XGBoost applied to the residuals of LSTM. Even though the opposite
order of hybridization does not make any reasonable contribution to decrease MASE
errors, XGBoost applied to the residuals of LSTM decreases errors significantly. So,
it concludes that hybridization gives better results.

Table 3.31: Error Measures of Hong Kong Stock Market Index Log-Return Data

LSTM XGBoost Applied to Residuals of LSTM

RMSE MAPE MASE RMSE MAPE MASE

Hong Kong Train 0.0248 Inf 1.0225 0.00007 0.0217 0.0021
Hong Kong Test 0.0114 1.2271 0.3442 0.00012 0.0587 0.0070

XGBoost LSTM Applied to Residuals of XGBoost

RMSE MAPE MASE RMSE MAPE MASE

Hong Kong Train 0.00024 Inf 0.0112 0.00035 6.9172 1.0061
Hong Kong Test 0.00030 0.5079 0.0156 0.00030 0.5001 0.3481

3.3.5.5 Japan Stock Market Index Log-Return Data (N225)

In Figure 3.22a, Figure 3.22b and Figure 3.22c between year 1989-2010, Japan log-
return data fluctuates much more than the rest of data. In Figure 3.22d, there are
a few extreme values on the test dataset. This is due to the fact that the difference
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between observed data and predicted with XGBoost data is high at that point. So, the
big residuals occur.

(a) LSTM (b) XGBoost Applied to Residuals of LSTM

(c) XGBoost (d) LSTM Applied to Residuals of XGBoost

Figure 3.22: Observed-Predicted Plot for Japan Stock Market Index Log-Return
Data

— original data — predicted train — predicted test

The minimum MAPE values examined from XGBoost are applied to residuals of
LSTM, but for the other error measures, the results are different. While the minimum
RMSE value for train occurs at XGBoost, for test data, it is in XGBoost applied to the
residuals of LSTM. Furthermore, the minimum MASE value for the train is calculated
with XGBoost applied to residuals of LSTM, but the minimum MASE value for the
test set is at XGBoost.

Table 3.32: Error Measures Japan Stock Market Index Log-Return Data

LSTM XGBoost Applied to Residuals of LSTM

RMSE MAPE MASE RMSE MAPE MASE

Japan Train 0.0176 Inf 1.0053 0.00005 0.0272 0.0020
Japan Test 0.0135 Inf 0.3413 0.00008 0.0313 0.0036

XGBoost LSTM Applied to Residuals of XGBoost

RMSE MAPE MASE RMSE MAPE MASE

Japan Train 0.00005 Inf 0.0025 0.00006 6.9203 0.9696
Japan Test 0.00028 Inf 0.0032 0.00028 0.9117 0.3156
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3.3.5.6 China Stock Market Index Log-Return Data (SSE)

Figure 3.23a, Figure 3.23b, and Figure 3.23c have the similar structure and fluctuates
more especially between the year 2006-2010. Figure 3.23d, the residuals of XGBoost
fluctuates less with respect to others, but there are few extreme values.

(a) LSTM (b) XGBoost Applied to Residuals of LSTM

(c) XGBoost (d) LSTM Applied to Residuals of XGBoost

Figure 3.23: Observed-Predicted Plot for China Stock Market Index Log-Return
Data

— original data — predicted train — predicted test

The minimum RMSE value is calculated with XGBoost for both the train and test
datasets. Also, the minimum MAPE and MASE values for the test dataset are cal-
culated with XGBoost. However, for the training dataset, MAPE and MASE values
get their minimum values with XGBoost applied to the residuals of LSTM. However,
there is no a big gap between the error values between XGBoost and XGBoost applied
to residuals of LSTM.

Table 3.33: Error Measures of China Stock Market Index Log-Return Data

LSTM XGBoost Applied to Residuals of LSTM

RMSE MAPE MASE RMSE MAPE MASE

China Train 0. Inf 1.0151 0.00007 0.0257 0.0020
China Test 0. 0.5629 0.3332 0.00018 0.0577 0.0078

XGBoost LSTM Applied to Residuals of XGBoost

RMSE MAPE MASE RMSE MAPE MASE

China Train 0.000062 Inf 0.0025 0.000088 11.3595 0.9956
China Test 0.000082 0.0167 0.0038 0.000082 0.5877 0.3361
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3.3.5.7 New York Stock Market Index Log-Return Data (NYA)

New York data does not have many more fluctuations and extreme values. Especially,
Figure 3.24d is pretty stable around zero. There is just an outlier at the end of the test
data. This is due of the difference between XGBoost observed and predicted data.

(a) LSTM (b) XGBoost Applied to Residuals of LSTMa

(c) XGBoost (d) LSTM Applied to Residuals of XGBoost

Figure 3.24: Observed-Predicted Plot for New York Stock Market Index Log-Return
Data

— original data — predicted train — predicted test

The minimum RMSE and MASE values occur at the results of XGBoost for both
train and test datasets. However, the minimum MAPE value for both train and test
datasets occurs at the results of XGBoost applied to residuals of LSTM. Here, it is
very obvious that the pure XGBoost model performs better than the other methods.
Thus, hybridization does not make results better for this dataset.

Table 3.34: Error Measures of New York Stock Market Index Log-Return Data

LSTM XGBoost Applied to Residuals of LSTM

RMSE MAPE MASE RMSE MAPE MASE

New York Train 0.0141 Inf 1.0579 0.00017 0.1672 0.0097
New York Test 0.0112 Inf 0.3376 0.00101 0.1470 0.0244

XGBoost LSTM Applied to Residuals of XGBoost

RMSE MAPE MASE RMSE MAPE MASE

New York Train 0.00004 Inf 0.0026 0.00005 7.1845 1.0057
New York Test 0.00061 Inf 0.0049 0.00061 0.7612 0.2977
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3.3.5.8 S&P 500 Stock Market Index Log-Return Data (GSPC)

In the early 1940s, S&P 500 log-return data has some fluctuations, but after the 1940s,
it stays stationary. Similar to New York data, there are few extreme values both in the
train and test dataset.

(a) LSTM (b) XGBoost Applied to Residuals of LSTM

(c) XGBoost (d) LSTM Applied to Residuals of XGBoost

Figure 3.25: Observed-Predicted Plot for S&P 500 Stock Market Index Log-Return
Data

— original data — predicted train — predicted test

The minimum MAPE values for both train and test datasets are examined from XG-
Boost applied to residuals of LSTM. The minimum MASE value for the train set and
the minimum RMSE value for the test set are obtained with XGBoost applied to resid-
uals of LSTM. However, the minimum RMSE value for the train and the minimum
MASE value for the test are calculated with XGBoost. Error values are very close to
each other, so drawing a conclusion is quite hard.
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Table 3.35: Error Measures S&P 500 Stock Market Index Log-Return Data

LSTM XGBoost Applied to Residuals of LSTM

RMSE MAPE MASE RMSE MAPE MASE

S&P 500 Train 0.0168 Inf 1.0466 0.00005 0.0179 0.0021
S&P 500 Test 0.0124 Inf 0.3303 0.00016 0.0246 0.0058

XGBoost LSTM Applied to Residuals of XGBoost

RMSE MAPE MASE RMSE MAPE MASE

S&P 500 Train 0.00004 Inf 0.0024 0.0002 10.4609 1.0062
S&P 500 Test 0.00017 Inf 0.0028 0.0003 0.6913 0.3377

Table 3.36: S&P 500 Stock Market Index Log-Return Data Error Measures

3.3.5.9 NASDAQ Stock Market Index Log-Return Data (IXIC)

Even though NASDAQ log-return data is pretty stable, there are some extreme values,
and especially around the year, 2000 fluctuations are too many. This situation does
not affect predictions negatively. There is an unsuccessful prediction at XGBoost at
the end of the test data with black lines. Due to the fact that it is out of the range of
the XGBoost train dataset. Therefore, the residual of that point turns to be quite large,
as shown in Figure 3.26d.

(a) LSTM (b) XGBoost Applied to Residuals of LSTM

(c) XGBoost (d) LSTM Applied to Residuals of XGBoost

Figure 3.26: Observed-Predicted Plot for NASDAQ Stock Market Index Log-Return
Data

— original data — predicted train — predicted test

The minimum MAPE and MASE values are obtained from XGBoost applied to resid-
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uals of LSTM. Also, within this method, the minimum RMSE value for test data is
calculated; however, the minimum RMSE value for train data is obtained from XG-
Boost. Still, the values are pretty close to each other. So, we may conclude that
hybridization makes results better.

Table 3.37: Error Measures of NASDAQ Stock Market Index Log-Return Data

LSTM XGBoost Applied to Residuals of LSTM

RMSE MAPE MASE RMSE MAPE MASE

NASDAQ Train 0.0180 Inf 1.0788 0.000049 0.0226 0.0022
NASDAQ Test 0.0124 Inf 0.3615 0.000068 0.0210 0.0030

XGBoost LSTM Applied to Residuals of XGBoost

RMSE MAPE MASE RMSE MAPE MASE

NASDAQ Train 0.00004 Inf 0.0029 0.00006 7.8414 0.9832
NASDAQ Test 0.00028 Inf 0.0038 0.00026 0.6066 0.3159

Summary of Results

To conclude, MAPE for nine of the train datasets, MASE for seven, RMSE for three,

the smallest values are obtained by applying XGBoost to residuals of LSTM. MAPE

for eight of the nine test datasets, MASE for four, RMSE for six, the smallest values

are recorded in applying XGBoost to residuals of LSTM. Moreover, MAPE for one of

the nine datasets, MASE for five, RMSE for three, the smallest values are obtained in

applying XGBoost. MAPE for none of the nine test datasets, MASE for two, RMSE

for six obtained the smallest values in applying XGBoost. For London, France, Hong

Kong and NASDAQ Stock Market Indexes, the best results are recorded in XGBoost

applied to residuals of LSTM. However, for Germany and New York dataset, XG-

Boost itself gives the best results. For the rest of the datasets, Japan, China and

S&P500, XGBoost applied to residuals of LSTM gives the best results in train sets,

but in test sets XGBoost gives the best result. Overall, according to MASE results, it

can be concluded that the hybridization of LSTM and XGBoost, specifically, apply-

ing XGBoost to residuals of LSTM, gives better results. The summary of the results

could be seen in Table 3.38. The highlighted values are the minimum MASE values

of each dataset.

If datasets are considered as Europe, Asia and U.S., it can be seen clearly that there is
not an exact aggregation. In two-thirds of Europe datasets, XGBoost applied to resid-
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uals of LSTM showed better results. In all train datasets of Asia markets, XGBoost
applied to residuals of LSTM, in two-thirds test datasets of Asia markets XGBoost
gives the minimum MASE values. Among the American markets, one dataset gave
the best results with XGBoost, while another gave the best results with XGBoost ap-
plied to residuals of LSTM. The last one reached the minimum MASE values with
XGBoost applied to residuals of LSTM in the training set and XGBoost itself in the
test set. Therefore, it is hard to make geographical inferences between stock market
indexes and the algorithms.

Table 3.38: Comparison of Four Models on Nine Dataset According to MASE

LSTM XGBoost Applied to
Residuals of LSTM

XGBoost LSTM Applied to
Residuals of XGBoost

London
Train 1.0049 0.0025 0.0164 1.0019
Test 0.3502 0.0081 0.0317 0.5009

Germany
Train 0.9963 0.0074 0.0030 0.9834
Test 0.3259 0.0791 0.0371 0.2583

France
Train 0.9769 0.0023 0.0126 0.9973
Test 0.3488 0.0104 0.0179 0.3336

Hong Kong
Train 1.0225 0.0020 0.0112 1.0061
Test 0.3442 0.0070 0.0156 0.3481

Japan
Train 1.0053 0.0020 0.0025 0.9696
Test 0.3413 0.0036 0.0032 0.3156

China
Train 1.0151 0.0020 0.0025 0.9956
Test 0.3332 0.0078 0.0038 0.3361

New York
Train 1.0579 0.0097 0.0026 1.0057
Test 0.3376 0.0244 0.0049 0.2977

S&P 500
Train 1.0466 0.0021 0.0024 1.0062
Test 0.3303 0.0058 0.0028 0.3377

NASDAQ
Train 1.0788 0.0022 0.0029 0.9832
Test 0.3615 0.0030 0.0038 0.3159
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CHAPTER 4

CONCLUSION AND FUTURE WORK

In this study, machine learning algorithms and their hybrid performances are eval-

uated on nine different stock market index log-return time series data. Within this

study, it becomes efficient to analyse the market and take relevant action.

The motivation of this thesis is to find an efficient way for predicting the stock mar-

ket index. Since it is known that the importance of investing the real instrument, in

this case, the stock market index, it is essential to follow the technological and eco-

nomic developments and make logically accurate and reliable analyses. This study’s

roadmap has been; researching the most used and the most efficient algorithms, trying

these algorithms with different datasets in a computational environment, and evaluat-

ing the process.

Considering previous studies, it is intended to use machine learning models in fi-

nancial time series data and reach the model that gives the best result. Stock indices,

which reflect the market and provide a broad perspective, are deemed appropriate

for this study. Besides choosing LSTM and XGBoost, the most preferred and studied

machine learning methods, combinations of these two models are tested, and their hy-

brid performances are evaluated. A total of nine stock market indexes were selected,

three from European markets, three from Asian and three from American markets for

this assessment, and although the sizes of the dataset are different from each other,

they all are recorded with daily frequency. The size of dataset effects the computation

time of the model. Moreover, if there are more data, then model can learn details

more specifically, so its predictions become more accurate. The Germany stock mar-
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ket index log-return data which has the minimum size of data could be an example

of the effect of size on learning capacity. Therefore, four methods are implemented

for each data: LSTM applied to log-return data, XGBoost applied to the residuals of

LSTM, XGBoost applied to log-return data, and LSTM applied to the residuals of

XGBoost. After all, implementations are carried out, error measures are evaluated,

and comparisons are made.

To sum up, according to MASE values, for seven out of nine (%77.77) data, hy-

brid models give better results. It is observed that applying XGBoost to residuals

of LSTM makes results more accurate. Only two data yielded better results using a

single XGBoost model. As with all algorithms, not only XGBoost but also LSTM

have both advantages and disadvantages. The average MASE value of XGBoost ap-

plied to residuals of LSTM for training is 0.03011 (min=0.00201 and max=0.00973)

and for testing is 0.1414 (min=0.0030 and max=0.079). For computation time aspect,

residual calculations last longer, but MASE values of XGBoost are close to MASE

values of XGBoost applied to residuals of LSTM. Therefore, only XGBoost applica-

tion could be considered according to the dataset and research.

The crucial issue is carefully selecting the accurate model with the right hyper-parameters

for each data because there is no algorithm that yields the most superior model with

the default hyper-parameters for all datasets.

Future studies will inevitably develop algorithms that will provide much more rel-

evant and reliable results in a shorter computational time in this rapidly changing

world with technology development.
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