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indicators. To overcome this issue, many researchers tried to
utilize machine learning methods in recognizing the technical
indicators signals [7]–[9].

Abstract— Predicting stock’s price direction is a challenging
task due to its noisy and non-stationary nature. The purpose of
this study is to create a stock’s movement prediction model
using unidirectional LSTM Network. The model was built in
three stages. In the first stage, three different dimensional
reduction methods (Lasso, Elastic Net PCA) was implemented
to reduce the number of original features. In second stage, the
reduced dataset segmented into multisequences using sliding
window segmentation. In third stage, the sequences feed as
inputs to LSTM Network. The architecture of LSTM Network
adopted in this study is Many-to-One architecture. It is an
architecture in which only the information on the last hidden
state of the last LSTM Network is used to capture the abstract
representation of the whole sequence. The result shows that the
combination of PCA and LSTM outperform the other two
combinations. The combination of PCA-LSTM gives 71% of
accuracy while Lasso and ElasticNet consecutively give 60%
and 56%. Moreover, in this study we found that PCA-LSTM
model uses only one principal component with 32% variance
explained, while the other two models use more than half of the
original features.

Neural networks is a popular method to model the stock
movement. There are a lot of researches that have been
conducted to compare the ability of various neural network
architectures in modelling the movement. Some researches
shows that recurrent neural network (RNN) overpowered
other architectures [10][11]. There are a lot of variants of
RNN, one of the is Long Short Term Memory (LSTM). The
LSTM network has the ability to handle the vanishing gradient
problem [12].
LSTM has been used by a lot of researches for stock
movement prediction modelling. The process of modelling
stock movement itself mostly consist of two stages, the first
stage involves dimensional reduction and the second stage is
the classification. Dimensional reduction needed to avoid
overfitting in the model but in case of LSTM most of the
researches do not involve one as a part of their preprocessing
[13]–[17]. Li [13] conducted a study to compare performance
of shallow machine learning (SVM, Naive Bayes and
Decision Tree) and deep learning (MLP, RNN, LSTM) in
forecasting stock’s trend, the result shows that RNN model
performs better than the others. Gao [14] created a regression
model using LSTM to predict the next day’s closing price
using sequences of stock’s raw historical data and the result
shows that the MSE of LSTM model lower than those of
SVM, Moving Average and Exponential Moving Average
Model. Samarawickrama [15] also use raw stock’s historical
data to create LSTM prediction model, but surprisingly his
feedforward model performs better than LSTM. In another
research, Li [16] tried to apply wavelet denoising as part of
preprocessing and the attempt succesfully improves the
performance of LSTM model. Althealaya [17] compared the
performance of three regression model: bidirectional, stacked
LSTM and simple forms of LSTM networks in predicting
short and long term price change and the result shows that the
first two models perform better than shallow LSTM model.
Researches that do not involves dimensional reduction
attempt to improve their classification models by stacking
LSTMs or using dropout mechanism [18].
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INTRODUCTION

Predicting stock’s price movement is a very important task
in developing trading strategies. Good strategy can help
traders to avoid speculations and gain profit. On the other side,
predicting stock’s movement contradicts the Efficient Market
Hypothesis (EMH) [1]. EMH states that futures market is
efficient, it means that the future prices can not be predicted
based on past price movements. EMH became blurry as some
researches indicate that price movement can be predicted
partially. One popular theory which oppose the EMH is the
Adaptive Efficient Market Hypothesis (AMH) [2]. AMH
implicates that the efficiency in a market is considered to be a
dynamic process or in other words market is not fully efficient
for the whole time (inefficient). Thus, investment strategies
using quantitative, fundamental and technical methods will be
able to perform well in certain environment.
The markets can be classified into three classes:
developed, emerging and frontier market. The latest Morgan
Stanley Capital International (MSCI) 2018 classifies
Indonesia as an emerging market in Asia. An emerging
markets are interesting because some researches show that
there exist inefficiency in emerging markets [3][4]. The
existence of inefficiency gives favor to the technical analysis.

Dimensional reduction can be divided into feature
selection and feature extraction. Among a lot of researches, a
research by Li [18] applied various data extraction methods
(ICA, PLS, PCA) before building stacked LSTM network, but
unfortunately the details of their dimensional extraction is not
given, so the dimensional reduction in their study is not
clarified.

The profitable of technical analysis in predicting stock
movement has been proven by some researches [5][6]. One
key issue in using technical analysis is that there is no standard
on interpreting the signals or patterns shown by the technical

In this study we focus on the implementation of
dimensional reduction (Lasso, Elastic Net, PCA) as part of
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preprocessing. We tried to reduce the dimensions and use the
reduced dimension as input to “many-to-one” LSTM Network
model. In this study we examine the impact of hyperparameter
settings of each dimensional reduction methods to the quality
of reduced features. As for PCA implementation, this study
present a detailed process of selecting the number of principal
components. We apply two stopping rules, which are Kaiser
Guttman and Brokenstick. Those stopping rules adopted to
our study based on the suggestion by Jackson [19].

α shrinks toward 0 it approaches Ridge regression. For other
values of α the penalty term Pα(β) interpolates between
the L1 norm of β and the squared L2 norm of β. Elastic-net
generates reduced models by generating zero-valued
coefficients. Elastic-net works by grouping highly correlated
variables and from that groups Elastic Net chooses feature
number and stabilize the selection. Elastic Net combine the
two methods Lasso and Ridge regression of regularization by
adding a quadratic part to the penalty ‖ ‖ (3), The quadratic
penalty term makes the loss function strictly convex, and it
therefore has a unique minimum (2).

The remaining content of this study is organized as
follows. Section II provides a review of basic definitions and
theory of dimensional reduction methods. Section III provides
a review of LSTM network. In section IV, we describe our
methodology and its detail. Section V presents the comparison
of experiment results and their analysis. Section VI provides
conclusion of this study.
II.
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C. Principal Component Analysis (PCA)
PCA is an unsupervised feature reduction method. PCA
reduces dimensions by identifying change of basis that cover
most information of the data. Equation 3 shows PCA linearly
transforms the matrix of features X into Y (new basis) of same
dimension.
=

(3)

To maximize the amount of information contained in Y, Y
must have 2 properties. First, all features must be decorrelated,
all of off-diagonal terms in
should be zero. Thus,
will
form a diagonal matrix. Two, each successive dimension in Y
should sorted by a decreasing amount of information
(variance), such way the diagonal entries of the covariance
matrix of the transformed features decrease as we move
throughout the matrix. In other words, PCA try to find some
orthonormal matrix P in =
such that
≡
is a
diagonal matrix.

A. Lasso
Least Absolute Shrinkage and Selection Operator
(LASSO) is a supervised feature selection which has two key
tasks : regularization and feature selection. Lasso carry out its
tasks by applying a shrinking process by giving penalty score
to the coefficients of the variables (features). The penalty
scoring causes the variable coefficients shrink to zero. In the
end of process Lasso select features which have non-zero
coefficient. The value of λ is an important task in Lasso. λ
controls the strength of the penalty. When the ratio of λ is big,
variable coefficients are strained to be exactly equal to zero,
thus reduce the dimension. The bigger λ the more features are
eliminated. On the other hand, if λ equal to 0 the resulted
model ends up with Ordinary Least Square (OLS) model.
Mathematical formulation of lasso is shown in equation 1. In
the formula N is the number of observations, yi is the response
at observation i, xi is data vector of p values at observation i,
λ is a positive regularization parameter corresponding to one
value of α. The parameters β0 and β are scalar. As λ increases,
the number of nonzero components of β decreases. The lasso
problem involves the L1norm of β.
1

(

Where:

Structural multicollinearity exist between technical
indicators. Multicollinearity can increase the variance of the
coefficient estimates and make the estimation very sensitive
to minor changes in classification model. Feature reduction
applied to filter irrelevant or redundant features from dataset
and expected to improve the performance of the
classification. Feature reduction can be divided into feature
selection and feature extraction. Feature selection selects a
small subset of original features while feature extraction
methods transforms the original feature vector into new basis
vector that has lesser dimension.

min

∑

PCA uses eigen decomposition technique to diagonalize
matrix . An algebra theorem states that for a real symmetric
matrix where all of its eigenvalues are distinct, there exist an
orthogonal matrix such that
=
where D is a
diagonal matrix with diagonal entries being the eigenvalues
of A. Recalling the goal of PCA is to diagonalized , so if
we find the matrix of eigenvectors of Cx and use that as P (P
is used for transforming X to Y) then
(covariance of
transformed points) will be a diagonal matrix. Hence Y will
be the set of transformed data points. To summarize, the steps
of applying PCA in this study are: (1) Calculating the
covariance matrix X of data, (2) Calculating eigenvectors and
corresponding eigenvalues, (3) Sorting the eigenvectors
according to their eigenvalues in decreasing order, (4)
Choosing first k eigenvectors and that will be the new k
dimensions, (5) Transforming the original n dimensional data
points into k dimensions and use transformed data for
classification.

(1)

B. Elastic Net
Elastic Net is an extension of LASSO [20]. Elastic is a
hybrid of Ridge regression and Lasso regularization. The
elastic-net swings between the Lasso (L1) and Ridge
regression (L2) through a range of parameter called alpha.
Alpha in Elastic Net fading between 0 < α < 1. The Elastic Net
also considered as hybrid of those two methods because
when α = 1, Elastic Net is the same as Lasso and when

III.

LONG SHORT TERM MEMORY NETWORK (LSTM)

LSTM is an extension of recurrent neural network (RNN).
In stock movement classification the model is expected to
connect data relationships at significant distances of time. As
a varian of RNN, LSTM has chain-like repeating modules of
neural network unit.
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Fig. 1. LSTM Chain

Fig. 2. LSTM Unit Construction

Fig. 1 shows a chain of LSTM modules, each module
looks at some input and outputs a hidden state value . A
loop allows information to be passed from one step of the
network to the next time step. The difference between RNN
and LSTM is on the construction of the chained units. Units
of standard RNN have simple structure, like a single tanh
layer, while LSTM has a more complicated units as shown in
Fig. 2.

Fig. 3. Flow Chart

Along with raw historical data of GGRM, we also collect
data history from some major global markets and candlestick
features (body, tail, head). The whole features is 28 features.
The detail of input features that will be feed into LSTM
network listed in Table I. Data output of this study is the
LSTM classification’s output. LSTM takes t input sequences
to predict whether GGRM’s closing price in the next three
days will be higher or lower than current closing price. The
output of classification is binary signal ”1” will indicate that
the price will go up or hihger than current closing price and
”0” for the otherwise (4).

The keys of LSTM are cell state and gates. The cell state
is kind of like a conveyor belt. The LSTM does have the
ability to remove or add information to the cell state
using
a structures called gates. Gates have the ability to remove or
add information to the cell state. Gates decides whether an
information should be add to the units or not. There are three
gates in an LSTM unit : Forget gate, Input gate and Output
gate. Forget gate ( ) is responsible for removing information
from the cell state. Input gate ( )decide what new information
we’re going to store in the cell state. Output gate ( ) is
responsible for selecting useful information from the current
cell state and showing it as output.
IV.

=

1
0

(4)

B. Preprocessing
Preprocessing step conducted in two steps. First step is
fixing any missing values by replacing them with previous
day value. Second step is eliminating trend or smoothing the
data using technical analysis. Detrending is applied due to
high level of white noise, the historical data collected
transformed into 18 technical indicators. The calculation of
technical indicators in this study uses default/standard
parameter setting. The whole features that will be used for
classification is 28 features. Complete features listed in Table
I.

PROPOSED METHODOLOGY

The proposed model is composed of three stages. The flow
chart of the whole experiment shown in Fig. 3. The first stage
is preprocessing, this stage composed of three steps. First step
is data collecting and fixing missing value. Second step is
transforming historical data into technical indicators. Third
step is applying feature reduction (Lasso, elastic Net, PCA)
to create a subset of new features that free from redundant
and irrelevant information issue. The second stage is
segmentation, in this stage sliding window method is used to
create sequences of t day to be classified. Third stage is
feeding the multiple sequences as input LSTM network for
classification.

TABLE I.
No
1
2
3
4
5
6
7
8
9
10
11
12
13
14

A. Data Input Output
The experiment was implemented using Gudang Garam
tbk’s stock (GGRM). GGRM is a big cap stock listed in LQ45
index, which is mean the stock considered as stable and has
low volatility. The corresponding time of the collected data is
from 19 April 2012 to 28 March 2018 so the total data
collected is 1604-days historical data. 90% of the total data is
used for training and the remaining 10% is used for testing.
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Global
Market
Index
(daily
change)

Feature
DJIA
Nasdaq

Candlestick
Features
Technical
Indicators
(default)

S&P 500
Hangseng
Nikkei
JKSE
USD-IDR
Gold
Body
Head
Tail
OBV
RSI
ADX

ORIGINAL FEATURES
No
15
16
17
18
19
20
21
22
23
24
25
26
27
28

Technical
Indicators
(default)

Feature
APO
Aroon
BOP
CCI
Chande
MACD
MFI
Momentum
DMI
ROC
Stochastic
William%R
ATR
Chaikin

Fig. 4. Visualisation of Input Output Segmentation

After the technical indicators are calculated, we apply
dimensional reduction (Lasso, Elastic Net, PCA) to the
original data. The experiments was conducted by setting a
range of hyperparameter values of dimensional reduction
methods.
C. Segmentation
As LSTM takes sequence as inputs. In third stage the
features need to be transform into sequence. The input
sequence is made by 10 days sliding window (t=10). Fig. 4 is
a visualisation of input and target segmentation details, the
blue bar represents the input sequence that will be feed as
input to the LSTM network, and the light blue bar represents
the target data for the output node of LSTM. Taking x=1 as
current point of time,
,
=
,…,
is a scalar with
10 elements of data history. As for the target data, is an
integer value as defined in equation 4. The next input come
by sliding forward the time window for one day. If feature
reduction reduced the original features into D features, there
will be D sequences (multisequences) of inputs, each with
length of 10 timesteps.

Fig. 5. Network Topology

hidden unit of local features to identify the larger patterns.
For sequence classification. The input size is equal to the
output size of the preceding LSTM layer 1xD Output size for
the fully connected layer is two as we want to classified the
pattern into two classes. In Fig. 5 the visualization of fully
connected layer marked as grey box.
4) Softmax Layer: applies a softmax function to the
output of previous layer. The softmax function acts as unit
activation function after the last fully connected layer for
multi-class classification problem. The softmax function
calculate the probability of the ith input associated to class j.
In Fig. 5 the visualization of softmax layer marked as
greenbox.

D. Classification Network
The LSTM network in this study is built using Matlab.
The network is made of five layers: sequence input layer,
LSTM layer, fully connected layer, softmax Layer and
classification layer. The topology of LSTM network used in
this study shown in Fig. 5.

5) Classification Layer: follows the softmax layer to
calculate classification loss. In this study, we use cross
entropy instead of MSE. The classification layer takes input
from the output of softmax layer, in this case this layer takes
2 inputs. Each input then assigned to one of the K mutually
exclusive classes using the cross entropy loss function for a
1-of-K coding scheme (5). In Fig. 5 the visualization of
classification layer marked as orange box.

1) Sequence Input Layer: inputs sequence data to a
network. The argument feed into this layer is the number of
dimensions of the sequence at each time step D. The number
of dimensions D is the number of reduced features from
preprocessing stage.
2) LSTM Layer: learns long-short term dependencies
between time steps in time series and sequence data. The
layer performs additive interactions to improve gradient flow
over long sequences during training. Fig.1 of the LSTM chain
shows that for each time step an LSTM unit outputs a hidden
state (with n neurons), so for t timesteps there will be t hidden
states. Some studies used the whole n hidden states to learn
the sequence [18]. In this study we adopt “one to many”
LSTM configuration by using only the last hidden state of the
last LSTM unit to capture the abstract representation of the
whole sequence. In Fig. 4, last LSTM’s hidden state is
colored with red box The number of input to this layer equal
to the length of sequence (t timesteps) to be classified, which
in this study is 10 timesteps. The number of output equal to
the number of dimensions D. The number of hidden unit in
each LSTM module is 100 units.

= ∑
V.

∑

(5)

EXPERIMENTAL RESULT AND DISCUSSION

The performance of the Classification model is measured
with the percentage of times correctly it correctly predict the
direction of the GGRM Stock for the next 3 days (6).
=

100%

(6)

A. Result of Elastic Net and Lasso
In this study, a range of α (0 < α <1) was applied to
ivestigate the power of penalty mechanisme in deciding the
important features. Table II shows the result of Lasso and
Elastic Net model with various of α values. The result shows
that the bigger α the lower MSE of the model, whereas the the
lower α the bigger MSE of the model.

3) Fully Connected Layer: added after the LSTM layer.
Fully connected layer multiplies the output of LSTM layer by
a weight matrix and then adds a bias vector. It connects all
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TABLE II.
Methods

Elastic Net

Lasso

Alpha
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1

RESULT OF LASSO AND ELASTIC NET
Lambda
0.11
0.07
0.06
0.05
0.03
0.03
0.03
0.03
0.03
0.02

MSE
4.3
4.311
4.31
4.32
4.28
4.28
4.32
4.29
4.311
4.312

Features
18
19
18
18
18
18
18
16
15
16

Accuracy (%)
0.53
0.46
0.48
0.56
0.56
0.49
0.48
0.46
0.47
0.60

While α affecs the MSE, it can also be seen that there is no
significant difference in the number of selected features with
the given range of α value. The average of selected features
number is 15. Smaller α causes more features to be included
in the model and bigger α causes the number of nonzero
components decreases. New set of non zero features then feed
into LSTM network. Table 2 shows the accuracies for various
α settings. Averagely Lasso outperforms Elastic net. Lasso
gives 60% accuracy, while Elastic net’s gives 56% when
alpha is set to 0.5. Lasso reach its highest accuracy uses 16
features while Elastic net with 18 features.

Fig. 7. Kaiser Guttman Distribution

The dark blue line represents the Brokenstick distributions
under the condition that p equals the number features of
features and the red line depicts the Brokenstick distributions
after removing the effect of eigenvalue 0. Brokenstick method
suggest k=2 or the first two PC explain more variance than the
brokenstick distribution (red line is above blue dashed line),
thus PC1 and PC2 should be used for classification. The two
PCs made up 44% of cumulative variance of the whole
dataset.
Kaiser Guttman method retains PCs which eigenvalue
exceed the average of eigenvalues. For a p x p correlation
matrix, the sum of the eigenvalues is p, so the average value
of the eigenvalues is 1. Fig. 7 shows Kaiser Gauttman method
suggests only the one PC should be kept or taken for
classification, as only eigenvalue of PC1 exceed the average
eigenvalues explained.

B. Result of PCA and LSTM
In PCA the matrix P is the eigenvectors of
which are
is the eigenvalues which
the principal components of X and
. The eigenvalue of each
is the ith diagonal value of
principal component (PC) measures the amount of variation in
the data (X) accounted by that PC. The ratio of eigenvalues
can be interpret as the ratio of explanatory importance of the
PC with respect to the features. Table III shows the
eigenvalues resulted in this study. In the result, the first eight
principal components have eigenvalues greater than 1. These
eight components explain 76% of the variation in the data. The
result also shows that PC1 explains only 32% of whole
variance in the data, whereas to get 90% of explanation, 13
components are needed.

Fig. 8 shows the accuracies of LSTM classification using
thirteen PCs. Kaiser Guttman selects only one PC and it gives
accuracy of 71%. Brokenstick with 2 PCs gives 65% accuracy
and 13 PCs which represent 90% of cumulative variance give
60% accuracy. In this study the number of PCs selected by
Kaiser Guttman give highest accuracy. It can also be seen
from Fig. 8 that as we add more PC to the model the accuracy
gets lower.

Given the list of eigenvalues and percentage of variability
explained in Table III, this study uses Brokenstick and Kaiser
Guttman methods to select K significant number of PCs as
suggested by Jackson [19]. Brokenstick model compares the
individual percentages of variance of the PC with the values
expected from the Brokenstick distribution. The modelling
done by taking a stick of unit length and breaking it into k
pieces by randomly (and simultaneously) selecting break
points from a uniform distribution. Fig. 6 shows the
brokenstick distributions and the relative proportions of the
variance explained by PCs.

Aside from the classification accuracy, we can also get
additional information about the correlation of the features to
the variability of the dataset. Table IV shows that in PC1, most
of the technical indicators vary together, if one increases then
the remaining ones tend to increase as well. PC2 has large
negative association with major global markets. It means that
the dynamicity of global markets greatly contribute on PC2’s
variability. It suggests that when the daily changes of global
markets increase the value of PC2 decreases.

Fig. 8. LSTM Accuracies for 1 to 13 components
Fig. 6. Brokenstick Distribution
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TABLE III.
PC
Eigenvalues
Percentage (%)
Cumulative (%)
PC
Eigenvalues
Percentage (%)

EIGENVALUES

1

2

3

4

5

6

7

8

9

10

11

12

13

14

9.09
32.45
0.32
15
0.47
1.68

3.13
11.18
0.44
16
0.38
1.34

2.16
7.73
0.51
17
0.36
1.28

1.72
6.15
0.58
18
0.31
1.12

1.53
5.47
0.63
19
0.21
0.74

1.36
4.84
0.68
20
0.2
0.72

1.15
4.12
0.72
21
0.13
0.45

1.08
3.85
0.76
22
0.11
0.38

0.99
3.51
0.79
23
0.09
0.32

0.89
3.17
0.83
24
0.06
0.22

0.81
2.88
0.85
25
0.05
0.18

0.6
2.14
0.88
26
0.03
0.12

0.55
1.97
0.9
27
0.02
0.06

0.52
1.85
0.91
28
0
2.43

[4]
TABLE IV.
Features
djia
gold
hangseng
jse
nasdaq
Nikkei
sp500
usdidr
Body
head
Tail
NormalizedATR
ChaikinOsc
OBV

PC 1
0.010
0.002
0.020
0.051
0.004
0.012
0.008
-0.038
0.125
0.009
0.044
-0.085
0.271
0.113

EIGENVECTORS

PC1
-0.472
0.021
-0.287
-0.264
-0.469
-0.218
-0.491
0.168
-0.172
-0.029
0.050
-0.012
0.037
0.033

TABLE V.

Feature
RSI
ADX
APO
AronOsc
BOP
CCI
Chande
MACD
MFI
Momentum
DMI
ROC
Stochastic
WillR

PC 1
0.322
0.016
0.209
0.262
0.132
0.295
0.322
0.258
0.275
0.291
0.000
0.292
0.242
0.298

PC 2
0.013
-0.022
0.086
0.084
-0.163
-0.020
0.013
0.086
0.044
0.000
-0.025
-0.003
-0.011
-0.028

[5]

[6]

[7]

[8]

[9]

PERFORMANCE COMPARISON

Method
Lasso + LSTM
Elastic Net +LSTM
PCA + LSTM
Unreductioned +LSTM

Number of Features
16
18
1
28

[10]

Accuracy (%)
60
56
71
60

[11]

[12]

As benchmark, we try to compare the accuracies of the
three methods with model with original dataset. Using 28 of
original features, LSTM network gives 60% accuracy, as
shown in Table V. Using the whole features gives better result
compared to the ones with dimensional selection methods.
VI.

[13]

[14]

CONCLUSION

In this study the three feature reduction methods are
implemented. Overall result shows that the combination of
PCA-LSTM gives highest accuracy compare to Lasso-LSTM
or Elastic Net-LSTM. The low accuracy of feature selection
based model might happen because both of the models group
same features together and select only one representative
feature, so during the implemntation of grouping mechanism
those methods might throw some important information
during the process. PCA gives highest accuracy because PCA
takes into account the whole information give by all features.

[15]

[16]

[17]

[18]
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