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Abstract

Stock prices move fluctuate continuously and dynamically at all times, so stock price predictions
are needed to maximize profits for investors and avoid losses due to the characteristic of stock prices.
Autoregressive (AR) model is a forecasting method and has weaknesses against nonlinear patterns.
In addition to using linear modeling, forecasting stock prices can use the Support Vector Regression
model which offers a global optimal solution that works with data maps to high-dimensional spaces
and has good performance with time series problems. The addition of exogenous variables X to the
model can also improve forecasting accuracy. Forecasting will be done using significant lags as
input to Support Vector Regression. The modeling results show that the ARX-SVR model with X
as an outlier exogenous variables provides the best out-of-sample data forecasting results for the
case study of stock closing price forecasting. This model provides forecasting results with
Symmetric Mean Absolute Percentage Error (SMAPE) 5.382430%.
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1. INTRODUCTION AND PRELIMINARIES

1.1 Introduction

Stocks are one of the most popular capital market instruments. Issuing stocks is one of the
strategies of a company or business entity to raise funds for the company. Stock price financial data
is time series financial data that has very high volatility. The characteristics of this financial data
make stock price data forecasting require precise and accurate forecasting methods to make forecasts
[9]. Stock price forecasting is an analysis technique to determine stock prices in the future by using
past stock price history. Stock price forecasting is very useful for investors engaged in stock trading.
This technique is to avoid losses due to the nature of stock prices that move fluctuative and tend to
be dynamic at all times, so stock price predictions are needed to maximize profits for investors [13].

A time series model that has been carried out in previous studies is the Vector Autoregressive
Moving Average (VARMA) which is an extension of the ARMA model. This model explains the
relationship between observations on the variable itself at previous times, and also its relationship
with observations on other variables at previous times [16]. The VARIMA modeling procedure was
introduced by Tiao & Box starting from determining a tentative model, estimating parameters, and
checking diagnostics [15]. The Vector Autoregressive (VAR) and Vector Autoregressive with
Exogenous Variable (VARX) models are time series models used to predict the future based on
linear functions of past observations. According to Suhartono et al. (2018), the addition of
exogenous variables X to the model can also increase forecasting accuracy [14].

In addition, other time series data models that can model past data include using Machine
Learning to improve model performance based on the prediction result plot, the SVR method shows
better performance in predicting CPI data compared to ARIMAX [5]. In addition, SVM has been
successfully applied in stock prediction with an accuracy rate of around 60%—70% for the Support
Vector Regression model. After calculating the results accurately using the conventional model, it
was found that Support Vector Regression has a higher accuracy rate than linear regression [2].
Support Vector Regression (SVR) can provide an alternative in predicting stock prices. Support
Vector Regression (SVR) emerged as a new technique in the process of machine learning from data
to solve regression problems. Support Vector Regression (SVR) is a machine learning method that
is very suitable for solving problems with data that has a high dimensional data [11]. The concept
of Support VVector Regression works as a linear classifier, then developed for nonlinear problems by
inserting a kernel in a high-dimensional workspace [3]. The Support Vector Regression method
finds a globally optimal solution and works by mapping training data to a high-dimensional space
[6]. The SVR method is used to analyze various parameters of stock market performance, such as
daily and monthly returns, monthly cumulative returns, their volatility properties, and the risks
associated with them [4].

Based on the description above, Autoregressive will be used with the addition of exogenous
variables for time series modeling which is used to predict the future based on linear functions from
past observations. Then it will be continued by using Machine Learning, namely Support Vector
Regression to estimate stock prices. This study aims to contribute to the field as a consideration for
investors in investing in stock.

1.2 Dataset Description
The data used in this study is the closing price of stocks from construction and building
companies. The variable used in the research is arranged in Table 1.1 as follows:

Table 1.1 Research Variables
No. Data Notation
1.  Closing Price of ADHI Y,
Input and output variables are describe as follows:
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1) Output Series
Y; : stock prices in construction and building sector
2) Input Series
X :significant lag of Autoregressive with Exogenous Variable (ARX)

1.3 Autoregressive

An Autoregressive model represents a forecast as a function of previous values of a specific
time series [10]. The Autoregressive (AR) model with order p is denoted as AR(p). The general form
of the time series model for Autoregressive is expressed as:

Ve =G1YVe1+ o+ PpVep H & (1.1)

1.4 Support Vector Regression

The basic idea of SVR is to determine the data set which is divided into in-sample and out-
sample data. Then from the in sample data a regression function is determined with certain deviation
limits so that it can produce predictions that are close to the actual value. If there nis a data set in
sample, (x;,y)then is x; = {xq,...,x,}T € R™a i = 1,2, ...,nvector in the input space andy =
{y1, ., yn} € R is the output value based on x;the corresponding, then the linear SVR method
regression function is obtained in equation (1.2)

y=f(x)=w.x;+ b (1.2)

Where w is the weight vector and b is the bias. To get a good generalization, the coefficients w and
b estimated by minimizing the risk function as follows [7]
n

1 (1.3)
R(f(x) = 5 | WI[* + € > B 0 = fx)
i=1

With ||w/|is the regularization of the function which is minimized to make the function as flat as
possible. The constant C(Cost) > 0 is the trade off between the thinness of the function f and the
upper limit of the deviation ¢ that is more than can be tolerated [1]. E. is &—
insensitive loss function defined as follows.

E. (y; — f(x) = {lyi = f(x)] —(i, (i)ftohrerl? —fx)l =€ (1.4)

By using the Lagrange multiplier and optimality conditions, the SVR function can be written in
equation 1.5
t (1.5)
oD = ) (= a)(xu 0 + b
i=1

Where (x;, x)is defined via a kernel function and w = (a; — ;). In the case of real data , not
all data is linear, so finding a linear separator is difficult. SVVR can be used for nonlinear cases with
an alternative approach through data mapping x from input space to feature space with higher
dimensions of a function ¢ so that ¢:x — ¢@(x). The equation of the nonlinear SVR regression
function can be seen through equation 1.6

n

(1.6)
) = ) (@ - aDe@).o@) + b
i=1

The transformation ¢ is generally unknown and difficult to understand so this problem is solved by
using the kernel function in equation

K(xi,x) = o(x). p(x) (1.7)
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Thus, the equation of the nonlinear SVR regression function using the kernel function is obtained
as equation 1.8
It (1.8)
fO0 = ) (@ = aDK @, ) +b
i=1

1.5 Model Training and Evaluation

To find out the forecast results are made, a method of measuring the performance of prediction
or forecasting results is needed. One of the best model selections through the training data approach
is by using RMSE (Root Mean Square Error). RMSE is used as a tool to select the best model based
on the size of the squared error [8]. The formula for calculating RMSE can be seen in equation 1.9

- (1.9)
1 -
XA

t=1

In addition to using RMSE, selecting the best model through testing data approach can use
SMAPE( Symmetric Mean Absolute Percentage Error). Performance measurement using SMAPE
will produce a value in the form of a percentage. The smaller the SMAPE value, the better the
forecast will be [12]. The formula for calculating SMAPE can be seen in equation 1.10

1 N

MAPE = —Z
S N

=1

2. MAIN RESULTS

The government is currently implementing equal development and planning the construction of
the National Capital in Kalimantan. This government policy has the potential to attract investors to
invest in construction and building sector companies. Based on data from the Indonesia Stock
Exchange (IDX), currently the State-Owned Enterprises engaged in this sector and also included in
the LQ45 stock index category are PT. Adhi Karya Tbk. ADHI is the stock code for PT Adhi Karya
(Persero) Tbk. So, ADHI stock price data will be used to predict stock prices. The characteristics
of stocks price data in construction and building sector are obtained through descriptive statistical
analysis by exploring information in data without making inference. Figure 2.1 shows the stock price
data (ADHI) from August 2017 to August 2022. There is up and down trend pattern that explains
the non-statioary mean data and the PACF plot for stationary data is shown in Figure 2.2

RMSE =

(1.10)
X 100%

V-1
Y, -Y)/2

Partial ACF
-005 000 005
——
1

Figure 2.1 Time Séries Plot of Stocks Price Figure 2.2 Plot PACF ADHI

The results of the PACF plot identification in Figure 2 show that significant lags are found at lags
1,5,6,7 for ADHI. So the possible AR models are ARI(1), ARI(5), ARI(6), ARI(7) and ARI[1,5,6,7]
for ADHI. The AIC values for each possible model are shown in Table 2.1
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Table 2.1 AIC Value

ADHI AIC
ARI(1,1) 12631.56
ARI(5,1) 12629.19
ARI(6,1) 12625.44
ARI(7,1) 12622.57

ARI([156,7,1) 12620.11

After obtaining a significant AR model estimate in Table 2.1, The selection of the best model is
determined by considering the smallest AIC value, based on the Table 2.1 ARI model ([1,5,6,7],1)
was selected as the best model. The next step was diagnostic checking which carried out on the
residuals included the normal distribution assumption and the white noise assumption as follows in
Table 2.2

Table 2.2 Diagnostic Checking on Residuals

Model White Noise Test Normality Test
Lag p-value p-value
ADHI 6 0.2261 0.000
12 0.0471
18 0.1182
24 0.1127
Table 2.3 Parameter Estimation in ADHI model
y  Parameter  Estimation  Std.Error t p-value Variable
Vit o3 0.09531 0.02791 341 0.0007  yy -1
s 0.08342 0.02790 299  0.0028  y (¢
b6 -0.07124 0.02810  -2.54 0.0114  y; g
¢ 0.05897 0.02796 211 00351  y; (-7

Based on the Table 2.3 the model formed for ADHI has a p-value <0.05, so the initial hypothesis
decision is rejected. Likewise, the normal distribution test obtained is a p-value <0.05 so that the
assumption of white noise and normal distribution has not been met. Autoregressive (AR) modeling
is continued with outlier observation detection to overcome the problem of unmet assumptions. In
this study, two types of outliers will be observed, namely level shift and additive as many as 5
observations. The outlier examination obtained the following results in Table 2.4

Table 2.4. Outlier Detection

Observations Type Variable
127 Shift 1,027
195 Shift 1,199
676 Shift 1,(676)
695 Shift 1,(69%)
882 Additive It(882)
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Next, after obtaining outlier observations, each Autoregressive (AR) model is added with a dummy
variable representing the outlier observation (I;), then continued with the Autoregressive (AR)
model estimation with outliers. The parameter estimation results can be displayed in Table 2.5.

Table 2.5. Parameter Estimation of Autoregressive (AR) Model with Outliers in ADHI Model

y  Parameter  Estimation  Std.Error t p-value Variable
Vit b1 0.09748 0.02798 3.48  0.0005 ;1)
o5 0.07406 0.02801 2.64 0.0083  y; (s

b6 -0.06383 0.02820 -226  0.0238  y; (-

b 0.04789 0.02818  -1.99 0.0470  y; 7

WLs 1.94917 3266349  6.08 <0001 [, (27

Wrs -4.09974 3263191 -721 <0001 4199

WLs -11.83293  32.65926  -2.86 0.0044 [, (679

WLs 15.39641 3267049  3.68 0.0002 [, (69%)

Wa0 -108.19908  22.27514 -3.73 0.0002 [, (882)

The Autoregressive (AR) model equation with outliers for the closing price of ADHI stocks can be
described as follows

ye = 0.09748(y(1,t-1) — Y(1,t-2)) + 0.07406(Y(1,t-5) ~ Y(1,6-6)) (2.1)
- 0-06383(y(1,t—6) - }’(1,t—7))
+0.04789(Y(1e-7) — Y(1og)) + 1.94917 1,127
— 4.09974 1,°% — 11.83293 1,(67® 4 15.39641 1,(°°>
—108.19908 1,2 + q, ,
Diagnostic checking is carried out on the residuals which includes the assumption of normal
distribution and the assumption of white noise as follows.

Table 2.6 Diagnostic Checking on Residual Autoregressive (AR) Models with Outliers

Model White Noise Test Normality Test
Lag Nilai p Nilai p
ADHI 6 0.4543 0.000
12 0.0509
18 0.1248
24 0.0822

The assumption of normality that has not been met is suspected because the Autoregressive (AR)
model contains non-linear components. Therefore, the approach with a non-linear model is also
applied in this study, namely by modeling the lag of the Autoregressive (AR) model with the Support
Vector Regression (SVR) model.

Table 2.7 Input Lag Support Vector Regression (SVR)

Model Input Lag
ADHI  ARI([1,5,6,7],1) f 1, (6=1) Y1,(6-5) Y1,(6=6) Y1,(t-7))
ARI([1,5,6,7],1) f(lt(127) , It(195)’ It(676)’1t(695)’ It(ssz),

+ a)lt(T) V1,(t=1) Y1,(t=5)» Y1,(t=6) Y1,(t=7))
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The parameter range used for the Support Vector Regression (SVR) model is € = {871 — 2°},& =
{0.01 — 0.1} and y = {21 — 2*}. Based on the results of the combination of these values, the optimal
Support Vector Regression (SVR) parameters obtained for C, ¢ and y are 31.125, 0.1 and 21. After
the model is obtained, modeling will be carried out for the next five months on the testing data. The
comparison of SMAPE values on the testing data is as in Table 2.8.

Table 2.8. Comparison of SMAPE Grid Search Optimization
Input = AR Input = AR with X outlier

RMSEin RMSEout sMAPEout RMSEin RMSEout sMAPEout
ADHI  24.06737 40.42749 5.492957% 24.24414 39.70523 5.38243%

The SVR model formed has the following equations

~

97 = (ar = ap) exp(=2 x |y = xl|*) + -~ 22)
+ (1178 — Ai178) €xp(—2 X ||x1178 — x||?) — 0.4882775

“\\#
T T T T T
0 200 400 600 800

Periode Waktu Periode Waktu

(a) (b)
Figure 2.1 SVR Training Data Plot with (a) input = AR and (b) input = AR with X Outlier
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Figure 2.2 SVR Testing Data Plot with (a) input = AR and (b) input = AR with X outlier

From the Table 2.8, it is found that the Autoregressive (AR) input model with X outlier has good
accuracy in predicting the closing price of stocks in ADHI companies. This is indicated by the
SMAPE value which is smaller than the other models. Therefore, the SVR model with significant
lag input from the Autoregressive (AR) model with X outlier performs better in predicting the
closing price of ADHI stocks.



854

JURNAL MATEMATIKA, STATISTIKA DAN KOMPUTASI

Erlyne Nadhilah Widyaningrum, Rizka Amalia Putri, Morina A. Fathan, Nur Rezky
Safitriani

3. CONCLUSION

This paper proposed SVR to provide a more accurate model for stock prices forecast. The
proposed method is a solution combining the AR model with exogenous variable. Comparative
results of different techniques such as SVR with input AR (AR-SVR) and SVR with Autoregressive
input model with exogenous variable (ARX-SVR) confirm the out performance of the proposed
approach. The Autoregressive input model with exogenous variables (ARX) has met the white noise
assumption so that the best model for predicting stock closing prices is the Support Vector
Regression model with the ARX input model (ARX-SVR). The model provides the best forecasting
results with SMAPE ADHI = 5.38243%. Further development can be done on other optimization
methods so that the results can be compared.
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