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ABSTRAK

Y.

Pada masa kini, Machine Learning (ML) boleh berfungsi sebagai salah satu cara Naian
untuk mempercepatkan proses membuat keputusan dalam peramalan pergerakanyharga'saham

harian. Walaupun bagaimanapun, kerja-kerja penyelidikan dan analisi ata yang
menggunakan pelbagai model ML yang masih terhad dan tidak meluas tel embatasi para
pelabur untuk menilai kecekapan dan kemampuan model-model ini. Kajian te lu biasanya

memberi tumpuan kepada ramalan indeks saham atau pemilihan beherapa, Ssaham tertentu
dengan ciri-ciri yang terhad. Oleh itu, sumbangan kajian ini lebih mert&%mpuan kepada
penilaian model algoritma yang berbeza seperti model ML tradis dan model Deep
Learning dengan penggunaan data saham yang lebih besar dan p eter yang pelbagai dari
syarikat-syarikat terpilih yang tersenarai di Bursa Malaysia. Ti

ML tradisional yang
i Extreme
Gradient Boosting (XGB), manakala tiga lagi model deep learning'yang terlibat ialah'Deep

che ( A_E).

Dengan menetapkan algoritma ML dan parameter-para
kaedah Walk-Forward Analysis (WFA), reka bentuk it
dapat dinilai berdasarkan dua kumpulan petunjuk pes%n', ial
prestasi. Analisis perbandingan ke atas petunjul%& i
dagangan saham telah dinilai dan dibincangkan. Ba
khususnya, dapatan kajian ini menunjukka %a
prestasi yang lebih baik berbanding ML tradismari gip
dalam ramalan siri masa. Namun begitu, m@bML tradisi
an

model deep learning bagi petunjuk peni res}‘a i

risiko. q
&

Kata kunci: Machine Learning, %ah;er Sis, tradisional, deep learning,

ramalan siri masa % v] : §
b 4 b o
NQallex
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Iegﬁﬁg menunjukkan
ian arah isyarat di
a K‘Ebih cekap berbanding
o)

tungan dan penilaian



ABSTRACT

Nowadays, Machine Learning (ML) can serve as one of the solutions to accelerateth cess
of decision-making in forecasting daily stock market price movements. netheless,
inadequate number of research and lack of extensive data analysis using vari L models
had limit the investors to appreciate the efficiency and capability of these models. Previous
studies usually concentrate on the forecasting stock index or selecting a
restricted features. Therefore, this study focused to contribute on evaluating di

models such as traditional ML and deep learning models with big sto
d

ata of multiple
nal ML selected
Extreme Gradient

are’Degp'Belief Network
. etting the ML
[ ethoctrthe

icators,

parameters from selected companies in Bursa Malaysia. The three
includes Logistic Regression (LR), Support Vector Machine (S
Boosting (XGB), while another three deep learning models se
(DBN), Multilayer Perception (MLP), and Stacked Auto-Enc
algorithms and their parameter along with using Walk-For
algorithm design of trading signal was evaluated based on t
namely directional and performance. Comparative ana

trading algorithms has been assessed and discussed.%& ing in"Ma aﬂién stock

y

market particularly, the experimental results of this
re efficient than deep
an assessment.
Keywords: Machine Learning, Walk-Forward_Analysis,

models have better performance in directional evaluation fndic
in time series forecasting. However, tradition odels
terms/of
series forecastin
g o q
% ¥ &

learning in performance evaluation indicators\ profit
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