CHAPTERII :LITERATURE REVIEW

2.1 Introduction ( :

Chapter Il introduces and explains on the different types of Machine Learning'(ML). On
top of that, a strand of literature that becomes the foundation for this st%;viewed based

on previous studies. This chapter has seven sections which inclu ction 2.1 on the
introduction of the chapter, Section 2.2 introduces and e@th Jonce t of ML.
Followed by Section 2.3 on the explanation of traditional M hi¢h in s¢LoQistic
Regression (LR), Support Vector Machine (SVM), and%me Gradient
4
es

Next, Section 2.4 on the description of Deep Learninm i

(DBN), Multilayer Perception (MLP) and Stackecmncod

2.5 discusses the difference between traditionMnd eep le

which ML model works best, and lastly tion% Im of all the sections to
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here achine is granted to learn and train
g

conclude the chapter.

2.2 Introduction to Machic Leazing (

Machine Learnin MS an jdea

from experience, and ut e'ngtﬁy Iicit@igned. Therefore, programmer, where in
4

¢
this case is the in\@' uld have ite t\H'Q,code, so the machine could make sense of the
w di{tl

data and build pre ased e given data. ML can also work as an inference.
P

The main @e between ML with@tistics is that ML do predictions on data points while

statist@we relationships between data points. It is worth to mention because some
inves r traders got mixed ideas on the concept of ML with the concept of statistics.
he first step on how ML works is to have a training data as demonstrated in the Figure

2.2-1. It is a preprogramed coding that is accessible and is usually saved in library of the



language used. If it is not in the library, the packages are available to be downloaded online.

Next, the researcher or programmer will train the ML algorithms to create a model |nput data.

UJ

Now the model is generated, a new input data will undergo ML algorithms to create c ns.

The new input data can be anything: trading stocks, students’ heights, or w. E@lty It

depends on the objective of the research. If the algorithm works, it a succe del. If not,
Y?

the process programming will repeat again and again until a desired o btained based

on the aim of the research. @
i
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ure 2 2- } of ho QM_ works.

There are three fferept su ed @L which are called supervised learning,
unsupervised Iearnln , rei fo% ﬂmagj’]’hls study will emphasize on supervised
learning (also s traditio L)%d unsupervised learning (also known as deep
learning). Sgﬁsed learning is Whem.];%e machine will learn and be guided by the coding
ertte rogrammer The dataset will act as an instructor and train the machine or the

e the trained model can start to make decision or prediction when new data is
el utted to it (Atul, 2019). Unsupervised learning on the other hand, is when the model

learns via observation and obtains structures in the data. It will automatically determine the



relationships in the dataset and the patterns by forming clusters once the model is provided a
dataset.

In training the model, most algorithm practices backward propagation of &{Yf:r
short backpropagation. Backpropagation is a method that computes error functiongradient with
respect to the weight of neural network. It is used to improve the prediction’ acy in data
mining. The training network structure often comes from artificial neuraw s (ANN) that

is inspired to imitate the human neural networks’ function present inv’rain. There exists

input and output layer in training. Each layer consists of cells/. li ne@ brain as
e th

ht
S

activations and the connection from one cell to another cell isicalled Synapses
and the biases are calculated as shown in Figure 2.2-2. Eq n2.l srP therrelati %etween

A

cells, weights, and biases to generate the output. It isionsist

function of the weighted sum of inputs for a Iay(%Nﬁher

€ ne

non-I n?f activation
i |§/

er (Nabipour,

et al., 2020). _\O
&
oy
l
Wn
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Figuv& T input and output cells.
qcﬂ} f( 1)
where Z' outpuf,rx is th weight, b is the bias, and n is the number

of the inpx\ final node.
an that, there are four main techniques of the ML that can be used in ML

I@amely Regression, Decision Tree, Random Forest, and Classification. Regression is

a process of forming a mathematical pattern that can be used to foresee one variable by another

variable or variables. Decision Tree is a figure that applies a branching method to demonstrate
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every possible outcome of a decision while Random Forest will randomly pick out data and
certain variables to construct several decision trees and then the outcome is averaged. Lastly,
classification is identifying the data to which of a set of categories belongs to Witl\m
that the category of training dataset known. Usually, the models have a c (bmion of
techniques used in an algorithm. The study will further explain two subse%ML which is

traditional ML and Deep Learning. \,

2.3 Traditional Machine Learning z l

N A

Feature extraction Learning \Y'
Input )
= @ Output
— |kl .

Figure 2.3-
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@nal achin éérn'wﬁ;)
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Traditional Machine Learni L) el nove‘I'SQ of Al which can alter the

algorithm without human inv to ge'r‘l rate rei’errsbbutput by training itself through

F &
structured input. The ma%;of hOV'I ional ML works is that the input will undergo a
to create r
[

computational algorithr\ ishow@"* Figure 2.3-1. Within the computational
algorithm, the rese S@hav to cf'feetjr s manually so that the input will train to

N
undergo the techinigueexplaifed.i ctioné.\z. Some examples of traditional ML models are

Random FQ&F), Super Vector I\@ﬁe (SVM), naive Bayes (NB), and extreme gradient
boosting;h_so hm (XGB). This study focuses on three of traditional ML algorithms that is

detail below.
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2.3.1 Logistic Regression

Logistic Regression (LR) is used for binary classification. When there is onlv?
1

output exists, the probability of certain class or event will accumulate at the valuef
hu

There is no probability values in prediction can be obtained in between the ramk tis too

rigid. Therefore, to solve the issue, the probability function is as shown uation 2.1
below to give more accurate values. The Z value will be a log odds of the e ln(%) where,

P is the probability of event (Prabhakaran, 2017). From Figur Z it demonstrates the

difference between linear regression and logistic regression in fitting the (;Ihl\d

L
P, [ c}‘i"
2= 10 (=5 = Bo+ it e

- 2. b 4§
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A g
L @ @ * - 0/00 - '

Logistic Regression

' |
Fig Ré. ion.

The benefits of u xtlc rJgress nin p@‘mtlon is that it is user friendly in terms

of the execution and iﬁawati (Ro 2020)% e itis only for binary classification, there
are no assumptlor@ n features gxt ctlo&énd thus the coefficients of the model become
{

the feature m:c ther tha C‘ |oger regression has less tendency for overfitting but
sing a very big date?é%p

are expos

%\heless, the drawback of using logistic regression is that it generates linear

Qﬂ& Thus, it can only be used to predict discrete functions. Hence, it has a low

performance on non-linear data. Additionally, the model has to meet the assumption that
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multicollinearity between the independent variables does not exists and also no outliers in the

data.

2.3.2 Support Vector Machine 0}

Support Vector Machine (SVM) is supervised learning model that analyse used for
classification and regression analysis. It is similar to probabilistic approacmd generates
non-overlapping partitions and employ attributes (Jatain & Ranjan, 2 M is also under
neural network. It also works like a black box because the work b canhot be seen. For
SVM, the main objective is to find an optimal margin that distinCtly,classifies ata p‘z;nts
It supports the vector to maximize the margin of the m r the hyp nle j@re are
different types of kernel that can be used for SVM a , polngr;nal and

radial basis kernel. Figure 2.3-3 below shows the W kern%‘ that VM n flndlng the
&) &

optimal margin.
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Linear kernel Polynomial kernel RBF kernel

Tre 2. 35 ilppej t Vector Machine.
The advantage,of using bu_)z ec@machme is that it works well for all types of data
either structur %ﬂnstructured data. ‘th.best part of using SVM is the number of kernel
availabl are many types to choose from to manipulate the data into preferred results.

Thereforenit is useful in solving complex problem. It also works well with high dimensional
a

d also practices generalization, thus it reduces overfitting.
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The disadvantages of using SVM is that usually the training time is long for large

D

datasets. Since there are a number of kernel available, it will be a bit challenging to find th

~—~t

best kernel to use for the model to work (Kumar, 2019). Other than that, it is difficult N re
the final variable weighs and model unless the model is using linear kernel’ Hea, it is
impossible to use the parameters in SVM model to evaluate the feature im . Lastly, it

does not do well for overlapped classes. V

2.3.3 Extreme Gradient Boosting z '

Extreme Gradient Boosting (XGB) is similar to gradient ting/fram put%n.ore
\
efficient. It is used to analyse data for classification a gression in v r'fo hich

generates a prediction model typically in decision trees

nd ge&' them~t§;llowing
o o . o
optimization of an arbitrary differentiable loss fu

in succession by boosting that is using an iteM

it will make an improvement by correc r% pr E%?s
? 0

ensemble. Therefore, the final predicti sisted of allithé co@lons made from previous

training. Figure 2.3-4 below show: e mt'de vyr S, N
' N
Step 1 —> Step2 Step3 —>  Step4
Input Updated Weights Updated Weights
(&} " ® [ J " © [ - Y
° ° @
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Train XGB 1 Train XGB 2 Train XGB 3

Figure 2.3-4: Extreme Gradient Boosting.
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Among the pluses of using XGB include the training time is fast, work well with large
datasets and it has a high-performance gradient boosting tree model. XGB also has in-built
regularization which helps in preventing the model from overfitting (Heuer, 2019). ﬂg.has
the capability of handling null values and the outliers have minimal influencw odel.
Unlike SVM that needs to have a normalized data to work, the data used for n be either
normalized or not normalized for the model to work. j‘a

The minuses of using XGB is that the model must have e quto function itself.

e are too

he‘retgg'n is

%\ Figu ‘.4;]: D&‘g_ﬂearning

Deep learni r De L S he@}%} algorithm train by self-learned to create the
"7

predictions, orfin the other words it e@;a}g; the features automatically rather than manually

extracte programmer. Deep Learning is an application of algorithms stimulated by the

st re*and function of the brain’s neural and also known as unsupervised learning. Deep

&ztwork (DNN) is a subset of deep ML where the numerous layers of the artificial

neural networks (ANN) are designed so that each layer delivers a different interpretation of the
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input dataset (Sze et al., 2017). Difference between DNN with ANN is the number of hidden
layers. ANN usually have one hidden layer while DNN have more layers thus the name called

deep. \Y'

As shown in Figure 2.4-1, in deep learning, there are input layer (yello&mt layer
(blue) and hidden layers (orange) in between the input and output that can p from two
to hundreds of layers. Examples of deep ML models are Deep Belief !\&BN), gated
recurrent unit (GRU), Long-Short Term Memory (LSTM), and EW Neural Network

(RNN). The study focuses on three of deep learning algorithms ex air@?ail below.

2.4.1 Deep Belief Network E:’\ l ’ _\c}‘r

Deep Belief Network (DBN) is an algorithm th e prq“' ies and uq;"pervised

algd'”f‘thm hich&@layer by layer
). fore, each layer

bé:;}mes the input for the

learning to generate outputs. DBN applied Greedy,

method for learning the top-down, generatM'

receives the data in different form, where %viou@&y

R A
current layer and the output of the cur er become é‘an%m‘ the next layer. Also, to
&

note, every pair of layers in the% inclu ing the ir@dayers consist of Restricted
Boltzmann Machines and Pre% RBM‘) hat j }g@ed as a binary version of factor
analysis. RBM is a ge@stocqas N t@as the ability to learn probability

belqﬁsslhows the framework of DBN.

The advan}q of)sing BN.i t b@se it uses greedy algorithm, it has the ability
to find a good s% del pa'r § W%t amount of time (Agarwalla et al., 2016). Other
a& big

than that, it

icient when handling»@mg set of unlabeled data hence it can be pre-trained to

learn in u\rvised fashion. Lastly, it facilitates learning better since the parameters in all

I@ e optimized jointly.
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Figure 2.4-2: Deep Belief Network Fraﬂ \d
The disadvantage of using DBN is that if there are outliers in the first layer, it wi Affect

parameters. \ <§
2.4.2 Multilayer Perception c,) \Y /i\
N
0 e,
Multilayer Perception (MLP) i ss of feedfor ro“art@ml neural network (FFNN)

K\

that utilizes backpropagation for tra?,ln terms of ne orl@ucture, MLP is similar to DBN

but different in training the n%

compared to one single& ercep'ron.
output cells consisted Mg ted s

{
has TT}I tipl Igye&s/ d non-linear activation (cell) as

Iayg@e all fully-connected where all the

'in LQ_\;,EIIS. In other words, fundamentally it has

[

(Q '
multiple layers of@ n and thus, each c@ each layer is connected to each other. Figure
2.4-3 below s w framelw WLPY.Q\

. : . N : :
Th t of using MLP is th&’jt is flexible and can be used for both regression and
classificati oblems. It is also good in handling nonlinear data with large number of inputs
thus ithis reliable when the task involved have many features (Ciaburro & Venkateswaran,

2017). Other than that, it is fast in prediction once trained.
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Figure 2.4-3: Multilayer Perceptron FraQ
The drawback of using MLP is that it depends on thetraining data a lot. It r'e(')%s a
considerable amount of storage and computation (Sze et 2017). ‘J-l ce,jthe risk.of over-
\hde N
endent variables from the

fitting and generalization could occur. The influence E the

independent variable are pretty much unknow siweu
of a black box. This can be another shortcozing 0 :Ew
@

2.4.3 Stacked Auto-Encoder ]

N Ly

Stacked Auto-Encoder (SAY‘acke' 0 de and.decode of autoencoders to sort
o

a deep network by feeding th epres%n %j;u&/ the layer below as input to the

f
tio
current layer. There exis;{'h‘ws of anh and d&&ﬁling layers in between the input and
output. First stage, ea%er aine
0 o 4
in fine-tuning sta%]; iC regression ayekigapplied to output layer. The derived layer is
trained like m % ercep't@zure@ below illustrates the framework of SAE.

N
Si\ can be trained wit generating samples as compared to RBMs, it helps
speed up t

k thh ave a property

ggep learning.

¢

ipimi@e error by reconstructing its input. Next,

ining time (Vincent et al., 2010). Therefore, it become a popular alternative to
I@ also is an unsupervised algorithm, and thus it does not require a labelled data.
aving said that, SAE is less effective when errors are present in the first layer

(Voulodimos et al., 2018). Consequently, the model may reconstruct the average training data.
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Therefore, the data should undergo denoising to prevent the model to reconstruct the average

training data. Similar to MLP, it also depends on huge the training data.

QJ Backfed Input Cell ‘ Match Input Output Cell
@ Hidden Cell 23 Decode
©) Probabilistic Hidden Cell &, Encode

' Input Cell ’ Output Cell c\:
4

Output
Layer
Hidden
Layers
4 ’ \Y.
Input ' ‘ _{')

ramf\
2.5 Differences between traditional ML M\G@ learni 6&

AN
The main difference between tra '%M gmxea ing, is the presentation of

- e v, |
data to the system. The training datas raditional MLJis ‘s‘ma.{‘i&mpared to deep learning.
N K
rededata o

Therefore, traditional ML always f?’bstru u r more classifiers or features,
{
while deep learning depends o%x of ANN tha anot ed to have many features.
Sometimes tradimL |e‘1m\nnder data through human involvement

>

&L

ially when th tis ntic \ed one. Deep learning however does not
especially when the WU p s ,'a ")@ p g
ntia, as ey?a thr@ their own errors (Kapoor, 2019). However,

to improve th ity of th! ee;@‘a\rning requires more data points as compared to
N
traditional M&ther than that, the@ning time for traditional ML is shorter than deep

ue to the traditional ML’s ability to learn through pre-programmed specified

require human int

para hile deep learning only able to distinguish the differences or concepts within layers

of neural networks when subjected to millions of data.



2.6 ML model that works best
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Based on recent research shown in Table 2.5-1 below, the results show mixed f

of between the ML models used, traditional ML and deep learning, that works rin
forecasting. Table 2.5-1 shows the research background in recent studies. -\
Table 2.6-1: Recent studies on the application of ML models in stock markeWtions.
Authors, Assets Market Algorithms Used esult Metric
Year Geography T
Nabipour et | 4 group of stocks Iran Traditional ML , RF, APE, MAE,
al., 2020 — Tehran Stock GB, XGB agging,, | {RMSE, MSE
Exchange Adaboost}, D p'~\'dE
Learning{ANN, RNN, ®
LSTM} i .&T
Butt et. al, 3 Commodities | Malaysia | Traditi ML{ MSENMAE,
2019 Prices, 2 SVM P 4 RAE,"MSE
Microstructure Learn}W\lN‘% N
market variables 2 o
Dongdong 424 — S&P500 United Mal | {L R, RR, PR,
et. al, 2019 (stock), 185 — States, , XGB, : 4 F1, ARR,
CSI 300 (stock) D’@ WR, ASR,
MDD
Soon et.al, 1 KLCI (stock) MSE, AR
2018
Chong et 38 — KOSPI aditional < ML{AR*}, NMSE,
al., 2017 (stock) De %ning{ANN, RMSE, MAE,
D ,M@CA, SAE} Ml
Sagir & KLCI (index) aditiepal ML{SVM}, | MSE, Rsqrt
Sathasivam, \ Dee Leﬁrning{AN N}
2017 ,S, 15%
Yong et al., STI % l@e&{ Learning{MLP} RMSE,
2017 c,.) MAPE, PP,
) SR
Agarwalla s— “Traditional  ML{SVM, | AR, MSE
etal., 2016 % al Sté RF}, Deep
change Learning{LSTM, MLP}
Dey et al. 2 individual Traditional ML{LR, | AR,RR,PR
2016 stocks SVM, RF, XGB}, Deep
Learning{ ANN}
Kr 200 - S&P 500 United | Traditional ML{RF, GB}, | R, STD, SR,
. 6 (stock) States Deep Learning{DNN} AR
h BSE SENSEX, India, Traditional ML{SVM, PP
Dash,2016 | S&P500 (index) United NB, kNN, DT}, Deep
States Learning{ANN[FL]}
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Phooi M'ng KLCI (index) Malaysia | Deep Learning{ANN} R, ARR
etal., 2016
Yiing & KLCI (index) Malaysia | Traditional ~ ML{AR*},
Thim, 2015 Deep Learning{ ANN}
Monfared & NASDAQ United | Traditional
Enke, 2014 (index) States ML{GARCH}, Deep
Learning{RBF, GARCH-
ANN}
Yao et al., KLCI (index) Malaysia | Traditional ~ ML{AR*}, SE, AR,
1999 Deep Learning{ ANN} R, ARR

ANN: Artificial Neural Network, AR: Accuracy Rate, AR*: Autoregressive, ARR: WZed Return Rate,
ASR: Annualized Sharpe Ratio, CART: Classification & Regression Tree, DBN: ief Network, DT:
I
00sting

Decision Tree, F1: F1 Score, FFNN: Feed-Forward Neural Network, FL: F onal Link, GARCH:
Generalized Autoregressive Conditional Heteroskedasticity, GB: Gradie , IGDA: Gaussian
Discriminant Analysis , GRU: Gated Recurrent unit, KNN: k-Nearest Neighbor, i o‘istic egression,
LSTM: Long Short-Term Memory, MAE: Mean Absolute Error, MA an Absplute_Per ge Error,
MDD: Maximum Markdown, MLP: Multilayer Perception, MSE: Mean S d Efror, swiNaiye es,

NMSE: Normalized Mean Squared Error, PCA: Principle Component¥Analysis, PP ProfitiPer entaigz R:

Precision Rate, R: Return, RAE: Relative Absolute Error, RBF: Radia Functign, RF:/Rando rest,
RMSE: Root Mean Squared Error, RNN: Recurrent Neural Ne R: Recall ,'Rsqrt: uared,

SAE: Stacked Auto-Encoder, STD: Standard Deviation, SVM.: Sup VectgF Machifie, XGB'Z'Extreme
Gradient Boosting, WR: Winning Rate \ NV
Based on previous studies that varies in,te Vasset

used and research methodology, there areCwo group MTJ
grouped from the result metric which a? irectional ant pe@ance. The evaluation
indicators are used to evaluate the M C Mde@ﬁe first group is by using

morefon t@ciency of the model itself in

ation.indicators that can be

directional evaluation indicatars whieh focus

'3
'ai ng tré/‘stock price. Second is by using

d

classification and/or regression e

(72}

performance evaluation tor S moK the efficiency of the models as trading
e
;ssrrfem.

strategy in term of pr@ty d'is

When ev %’(he 9ir cti aleve@'l-'én indicator in predicting whether the stock
price will gmr own, most stud;/'cc_) only used Accuracy Rate (AR) or Mean Squared
Error ( Eﬁé result metric to evalu%e the performance (Agarwalla et al., 2016; Dongdong
et. . Krauss et al., 2016; Nabipour, et al., 2020). Some even used F1 Score since it is
s@@a better indicators compared to AR (Huigol, 2019). AR is the measure of the degree

of closeness of a measured or calculated value which is used in classification. A high AR
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indicates that it has a better number of predictions. Usually, researchers chose AR because it is
easier to compute compared to MSE. MSE on the other hand, is the average squared difference

between the estimated values and what is estimated which is used in regression. A

PAq

indicates that the prediction values reproduce the reality. However, MSE is prone to.gutliers.
So, if there is one outlier data, it could jeopardise the accuracy of the overall To see the

efficiency of the model by using directional evaluation indicators, it depends on how the data
are interpreted to shows how significant the results are. Y‘
Other than that, the efficiency of the model can also be %ﬁy si'ng pesformance
0 produce

rofi n' a‘scsg?the

risks in trading strategy. There is different type of tradi rformanceevaluation_indicators

AR
a .As$§ample,some

RateK( RR) or Profit

“

evaluation indicator of whether the models have the abilit

that are available, and each have different interpretations%d a

used Sharpe Ratio (SR), Winning Rate (WR) \glize

Percentage (PP). Thus, it depends on the result meteic of the re >
The first finding from previous studigs ate(}'t%rayti na@_ has better efficiency

“« Q-
compared to deep learning. From the ﬁ&t ent stuty,.itdeter <rfe’d that that the performance
N

of traditional ML is better in most of the directiona eYa@ﬂ indicators compared to deep

learning (Dey et al., 2016; Dongdoaet al., 201 bif) etal., 2020) while the performance

evaluation indicators sho@]ch ‘ﬁere ine '“I%cy (Dongdong et al., 2019). Similarly,
A

a study in Malaysian gmiti deriva \?5 ar@%rffcrostructure market variables showed that

ormance tha S:/é%'énd ANN (Butt et. al, 2019) which means
4
ep

traditional Mi4a tter than ‘rearn . It is also emphasized that the larger dataset for

training tw el can positively enhﬁe the prediction of exchange rate. In the same way, a
stu uss et al. (2016) found that RF in directional and performance evaluation
mdicators’ outperform gradient-boosted trees and DNN in their application, making it the

method of choice in light of noisy feature space.

RF have a supe

Ay
&
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Next, the second finding from previous studies stated that deep learning has better
efficiency compared to traditional ML (Monfared & Enke, 2014; Yiing & Thim, 2015; Sagir
& Sathasivam, 2017). They noted that due to multiple layers in DNN, the outcome @1
forecasting the stocks based on results for directional evaluation indicators (Chw 2017).

Some researchers also suggested that it is useful to explore and develop mor t algorithm

like ANN with technical indicators in forcasting returns (Phooi M'ng etal.,

owe?on deep learning

I y'achi ing more

than 90% prediction accuracy (Soon et. al, 2018). A study hy Yong et al. (20%7) n'thgvl‘her
ess

1999). A case study on Malaysian stock price prediction which f

algorithm under ANN showed that both FFNN and RNN per,

| &
accurate results a

ﬁ model
’ ¢
predict further into the future. \

Lastly, the finding from previous studies st@{ac min jon of rmﬁonal ML and
deep learning could give a better performz%s comge? ini@ual algorithms in

hand, found that DNN produces high profit however yei

2

forecasting a stock (Chong et al., 2017; %& R&%ﬁ qu];ss& et al., 2016). This is
“« Q-
supported by a study from Kristjanp% al. (2 at sf@ﬁéd that the performance of

N
GARCH models improved W'th AW mode} an n@ducing robust and consistent

results for different specifications/and olatili mc?'jps. It is also noteworthy that the

ensemble models from q%) I LlWit eep I@ng are more useful in extreme event

A
forecasting since the @e ofvolatili ybc comes more complex (Monfared & Enke,
2014). % '&J

Ther m past fi indg of tTﬁ"ee traditional ML models and three deep learning

&

models aroKlot d as shown in Fig®2.6-1. It can be seen that for directional evaluation

indi a%)ely Accuracy Rate (AR) and F1 Score, traditional ML (three models on the left)

tter than deep learning (three models on the right) while for performance evaluation

indicators namely Winning Rate (WR) and Annualized Return Rate (ARR), deep learning
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algorithms worked better than traditional ML. However, there is not much different in values
for the performance evaluation indicators. Note that each finding has different features, number
of data set, different techniques in data analysis and different evaluation mdwatorﬁ&he
MSE values are not included in Figure 2.6-1 because the values vary by ten to (mr of 3.
There are a lot of ML algorithms that is available and being used in foreca: he finding

differs from one study to another. Therefore, this study focuses on stock specifically

on Malaysian stocks to assess the efficiency of the selected ML al orwy
k b

EAR BF1 BWR BARR

1.4 P
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-

0

< 3 = 3 < 3 = 3 < 3 = 3
S S 8= &8s 88 8&§
S £ S £ 5 E S £ S £ S E
LS LS LS Lo LS Lo
p— o p— e o p— e o
[l (el [l (el el (el

o o o o [a o
LR SVM XGB DBN MLP SAE

O
Figure 2.6-1: Compar of alu til)n In ators L models used in Literature Review.

N
2.7 Conclusion (J
)
j ? o
th

Deep learpin still B¢ |se to@her with traditional ML. The main difference
between tra iti L and deep Iearn@g.«s the presentation of data to the system. Traditional
ML mus human involvement in codlng or features input to complete the work whereas
de arhipng can self-learned as it requires less human involvement in the programing. In
(ﬁn there is mixed finding on which ML models work better in forecasting. Based on

previous studies, the findings are divided into three insightful findings, where (1) traditional



24

ML works better than deep learning, (2) deep learning works better than traditional ML, and
(3) the combination of both traditional and deep learning model works better than individual
algorithms. It is worth mentioning that mixed or hybrid between traditional ML@:{)
learning create a better model in forecasting. co
Based on literature review, there are few studies that analyse on both traditional ML and

deep learning models. Moreover, some studies concentrate on the stockfndex’s prediction or

p%ces. Hence, it is
sting s Jk mayement so
the findings can contribute to the extension of ideas and dataganalysis in OM’ sk&é’gy.
Therefore, this study aims to find out the efficiency of b%ditional L and de%?-g';ming

b 4

select a few stocks with restricted features based on their ow,

beneficial to explore ML models with technical indicators in

as trading strategy in stock movement prediction by assging

S’



