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Abstract
Stock prices in the econeemy, especilly i [adonesia, is very impeetast that so
many pecple want © get benelits from Evesting stocks. The rate of resam that
owned by imvestor is called retum investment 1a this research. we are Jooking
for return of stack model which & wefil for prodictiag rotum of sock 21 2
certzin time. Method that wsed forecasting of retum is midge nepression using
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thai cannct be in OLS method. Model of resurn of JKSE &
searched by following the sicps in regression method and usiag lests o gat the
best madel Hased on the result of the study, it was obtaimed that the equation of
the ridge regression model with all the indepeadent varisbles had 3 sisnificast
effect ca rewmm of stock. The tests thal perfomed are normality test
multccllinearity test and parameter significant test. The VIF valoe cbtained is
also less than 10. panddy X; = 36310.X; = 08428 X, = 32148.X, =
21465, Xy = 20458 X, = 14058, &n X, = 08270 with a coelficiont of
detormination is 09626 wikich means that all e independest varizbles on return
of stack is 96,26 while 1,74% is influenced by other mdependent vaniables.
Therefore, the ndpe repression method wing tuning parameter Kibria can be
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ABSTRACT

Stock prices in the economy, especially in Indonesia, is very important that so many people want to get benefits
from investing stocks. The rate of return that owned by investor is called return investment. In this research, we
are looking for return of stock model, which is useful for predicting return of stock at a certain time. Method that
used forecasting of return is ridge regression using tuning parameter Kibria. The purpose of using this method is
for eliminate multicollinearity that cannot be in OLS method. Model of return of JKSE is searched by following the
steps in regression method and using tests to get the best model. Based on the result of the study, it was obtained
that the equation of the ridge regression model with all the independent variables had a significant effect on return
of stock. The tests that perfomed are normality test, multicollinearity test and parameter significant test. The VIF
value obtained is also less than 10, namely X; = 3,6310,X, = 0,8428,X; = 3,2148,X, = 2,1465,X; =
2,0458, X, = 1,4058, dan X, = 0,8270 with a coefficient of determination is 0,9626 which means that all the
independent variables on return of stock is 96,26% while 3,74% is influenced by other independent variables.
Therefore, the ridge regression method using tuning parameter Kibria can be used to predict.

Keywords: OLS, Ridge, Kibria, Return of Stock, Multicollinearity

INTRODUCTION

Mathematics can be used in various fields, one of which is finance. Financial instruments
used in the capital market for a group of people who make buying and selling transactions, one
of which is stock price [1]. Stock price is an important role of economic growth in Indonesia
because it can be a very high investment. However, the investment made is not always
profitable, due to their volatile nature. Therefore, from the economic events, alternatives are
needed to assits investment activities. The result of investment activity is return. Return of
stock or profits are given to investors for taking risks on the investments that have been made
[2].

In general, method for forecasting of stock price uses ARIMA. However, this method has a
weakness, cannot overcome heteroscedasticity. So, we need an alternative method that is able
to overcome the problems or another problems in inferntial statistics, such as multicollinearity.
One of methods that can solve multicollinearity is ridge regression which was proposed by
Hoerl and Kennard (1962) [3]. Then, it was further developed by Kibria (2003) by using tuning
parameter k to solve multicollinearity [4].

A ridge regression method is a modification of ordinary least square estimation, with a
tuning parameter. The addition of tuning parameter will affect the magnitude of ridge estimator
coefficient and produces a biased estimator [5]. Although it produces a biased regression
estimator coefficient, the estimator can be closed to the actual value. It can be seen from
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comparison of mean square error of ridge regression and mean sqaure error of ordinary least
square. Result of MSE using ridge estimator is smaller than MSE using OLS. In addition to tuning
parameter Kibria, there are many tuning parameter can be used [6].

The use of the ridge model in stock price forecasting has been carried out by several
researchers, such as Tanjung (2013) [7] who conducted research on stock price forecasting
based on technical indicators using ridge regression and Kernel ridge regression models. Then,
research on joint stock price modeling and forecasting at Bank Indonesia using the Generalized
Ridge Regression (GRR) model. Results from these studies showed that the model can solve the
problem GRR autocorrelation and multicollinearity by looking at VIF [8].

In addition, research on ridge regression with the selection of k ridge parameters was
carried out by Muniz, et al (2012) [9], Karaibrahimoglu, et al (2014) [10], Arashi and Valizadeh
(2014) [11], and Dorugade (2015) [12]. Based on these studies, the performance of the
estimator depends on the error variance, the correlation between the explanatory variables,
the number of samples, and the unknown coefficient. The results of this study indicate that the
MSE of ridge estimator with k parameters is smaller than the MSE of OLS estimator.

Another study was also carried out by Mansson et al (2010) [13], Hefnawy and Farag
(2013) [14], and Aslam (2014) [15] on the ridge model estimation method using Monte Carlo
simulation Kibria. Results of these studies is the increase in the correlation between
independent variables have a negative impact on the value of MSE, whereas the increase in the
correlation between the explanatory variables have positive impact on the MSE. So, based on
the results of the simulation, the ridge regression model with Kibria parameters is able to
overcome multicollinearity.

METHODS
The steps in this study are as follows:
1. Implementation of ridge regression using tuning parameter Kibria.
a. Perform description data.
b. Perform classical assumption test:
i. Performing normality test on error of stock return.
ii. Performing multicolinearity test on independent variable.
c. Ridge estimator modeling:
i. Performing parameter estimation using least square method, including test for
significance of parameter.
ii. Performing transformation data using centering and rescaling method.
iii. Performing parameter estimation using ridge regression with tuning parameter
Kibria.
iv. Performing test for significance of parameter.
v. Performing goodness of fit model.
2. Forecasting for return of stock using tuning parameter Kibria:
a. Performing forecast for return of stock on ridge regression model.
b. Performing validation test.
C.

RESULTS AND DISCUSSION

The data used in this research is stock return data of JKSE - Jakarta Composite Index.
These data are data that are assumed to follow ridge regression and the factors that are thought
to have an effect on the return of the combined stock price. There are 7 independent variables
used in this research that the stock price (close), VROC, BB, STCK, STCD, RSI, and MACD. This
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study uses joint stock return data for the period April 2020 - February 2021 as training data

and data for the period March 2021 to May 2021 as testing data.
Table 1 Statistical Description of Each Variable

Variable Mean Standard Deviation
Y 0,1807 1,0524
X, 5338,7372 573,4888
X, 9,5862 2,4602
X3 5259,2920 549,1090
X, 62,9976 28,1648
Xe 62,4826 23,4033
Xe 57,8860 10,9456
X, 0,6963 5,3909

Furthermore, the normality test of the data is used to prove the assumption that the error
must be normally distributed because the error data is normal.
Normality test was performed using the Jarque Bera (]JB) test. The hypothesis used is.
H, :JB < x?(2) (error data is normally distributed)
H, :JB > x?(2) (error data is not normally distributed)
by using the significant level @ = 5% = 0,05 and criteria test is reject Hy if JB = X2, or

p value < a.
25

Series: Residuals
Sample 1202

Observations 202
Mean -2.20e-15
Median 0.005698
Maximum 0.487286
Minimum -0.523153
Std. Dev. 0.194551
Skewness -0.145641
Kurtosis 3.261628
-... Jarque-Bera  1.290233
0.0 0.2 0.4

Probability 0.524601
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Figure 1 Normal Histogram Output on Normality Test

.2

From Figure 1, the Jarque-Bera value is 1,2902 while the value of X2,,,; is 5,9915. This
shows that JB < XZ,,.; so H, be accepted. So, it can be concluded that the assumption of
normality in this study is fulfilled.

The second test is multicollinearity. Multicollinearity test can be seen based on the
value of the coefficient correlation and the value of VIF. The following is the multicollinearity
test hypothesis:

Ho : VIF < 10 (No Multicollinearity)
Hi : VIF > 10 (There is a Multicollinearity)
The criteria for this test is if the value of VIF > 10, it can be said that there are symptoms of

multicollinearity.
Table 3 Coefficient Correlation on Multicollinearity Test

Variable | Y X, X, X X, X X X,
Y 1| 0,083 | 0,210 | -0,003 | 0,656 | 0,313 | 0,340 | 0,962
X, 1 -0,012 | 0,970 | 0,219 | 0,252 | 0,484 | 0,084
X, 1 -0,135 | 0,395 | 0,510 | 0,426 | 0,119
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Based on table 3 can be seen that all independent variables have a correlation to the dependent
variable. The correlation between the two independent variables is also quite high, namely
between X; and X5 of 0.970 which indicates the existence of multicollinearity between the two
independent variables. The correlation coefficient value greater than 0.9 results in a VIF value

greater than 10, which can be seen in the following table.
Table 4 VIF Value on Multicollinearity Test

Independent
Variable VIF
X, 102,7303
X, 1,5224
X 86,1705
X, 4,7423
Xs 4,4172
Xe 7,2581
X 1,7417

From on table 4, it can be said that the JKSE joint stock return data contains
multicollinearity between independent variables. So, to overcome this problem an

alternative method is needed, namely by using ridge regression.
Table 4 Least Square Method Parameter Estimation

j Variable | Estimation (8;)
0 Constant 0,0020
1 X, 0,0008
2 X, 0,0244
3 X; -0,0008
4 X, 0,0132
5 Xs -0,0081
6 X -0,0099
7 X7 0,1570

The estimation model using the least squares method has a significant effect and there is
multicollinearity as follows:
Y,is = 0,0020 + 0,0008 X, + 0,0244 X, — 0,0008 X5 + 0,0132 X, — 0,0081 X5 (1)
—0,0099 X¢ + 0,1570 X,
The model in equation (1) is a regression model that has multicollinearity problems. So that
other methods are needed that can overcome these problems, one of which is ridge regression.
The first step is to transform the data through the process of centering and scaling each

variable. The results of the centering and scaling process are as follows:
Table 5 Transformation Data Using Centering and Rescaling

Y* X1* X2* X3* X4* X5* X6* X7*
-1,71006 | -1,52174 | -0,47644 -1,0084 0,234158 | 0,369173 | -1,68796 | -1,96749
Royani, Aziz, Chamidah 4
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1,214831 | -1,40727 | -0,22027 | -1,11024 | -0,23726 | 0,260126 | -1,49056 | 1,376783
1,732782 | -1,24729 | 0,654937 | -1,20264 | 1,268052 | 0,529443 | -1,21865 | 1,054862

-0,89734 | 1,574675 | 1,587931 | 1,682069 | -0,65233 | -0,05533 | -0,41987 | -1,10103
After transforming the data using the centering and scaling method, the next step is to
determine the value of the ridge parameter or can be called the tuning parameter Kibria. The
tuning parameter of the bias constant is carried out using an iterative approach. The first step
in the iteration process is to determine the tuning parameter using the canonical model
estimator of least square. The initial tuning parameter obtained is used to estimate the ridge .
parameter. The iteration ends when |(&Zidge&n-dge)l - (&Imge&ﬁdge)l_1| < 0,01. The following is the

result of determining the canonical estimator of the least squares method.
Table 6 Canonical Estimator of Ordinary Least Square

aols,j

0,6471
0,1225
0,0617
-0,3226
0,7379
0,2120
0,3066

~N OO WIN(F |~

Based on table 6 which shows the canonical estimator of the least squares method, then the

J

ridge parameter is determined using Kibria method </1=median (‘f—z)> Then, the tuning

parameter estimation results is obtained as follows:
Table 7 Output of Tuning Parameter Kibria and VIF Value

Iteration A @riqge Error Briage VIF
0,4749 0,3377 3,6393
0,1205 0,0586 0,8428
0,0614 -0,3270 | 3,2148
0 0,3767 | -0,3214 0,1968 0,3484 2,1465
0,7383 -0,1765 | 2,0458
0,2118 -0,0751 | 11,4058
0,3064 0,8052 0,8270
0,4747 0,3376 3,6310
0,1205 0,0587 0,8420
0,0614 -0,3269 | 3,2076
1 0,3772 | -0,3214 | 1,4768e-04 | 0,3484 2,1429
0,7383 -0,1765 | 2,0424
0,2118 -0,0751 | 11,4040
0,3064 0,8052 0,8261

From table 7, the model is
Y*=0,3376 X; + 0,0587 X, — 0,3269 X5 + 0,3484 X, — (2)
0,1765 X< — 0,0751 X; + 0,8052 X7

Royani, Aziz, Chamidah 5
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Furthermore, each parameter is transformed into an early form. So that the estimation of

ridge regression parameters is obtained using the method according to Kibria as follows.
Table 8 Ridge Regression Parameter Estimation

J Variable | Estimation (B;)

0 Constant -0,0875
1 X, 0,0006
2 X, 0,0251
3 X5 -0,0006
4 X, 0,0130
5 Xs -0,0079
6 Xs -0,0072
7 X, 0,1572

The parameter significance test in equation (2) was carried out partially and completely. Test
the significance of the parameters partially by using the t test. The hypothesis used is

H, : Bj = Ountuk j = 1,2, ...,6 (Parameter f; is not significant)

Hy : Bj # Ountuk j = 1,2, ...,6 (Parameter f; significant)

With significant level @ = 5% = 0,05 and test criteria if|thitung| > tiabel OF Praiue < @, then H,

rejected, it means significant parameters.
Table 9 Ridge Regression Parameter Significance Test with t Test

Variable SE(E) Lstatistic tiable Conclusion
Xy 0,0002 2,5635 Significant
X, 0,0069 3,6589 Significant
X5 0,0002 2,7108 Significant
X, 0,0011 | 12,3157 | 1,9723 Significant
X 0,0012 6,4650 Significant
Xe 0,0034 2,1448 Significant
X, 0,0033 | 46,9630 Significant

From table 9 it can be seen that all ¢4 45+ Value of the independent variable X are greater than
the t;qp value of 1,9723, so it can be stated that H,, is rejected, meaning that these variables
have a significant effect on the dependent variable..

Furthermore, regression testing or model suitability was carried out using the F test. The
hypothesis used was:
Hy: o = f1 = B2, ... = B7 = 0 (regression model is not significant)
H;: EI,Bj #0,j =1,2,...,7 (regression model is significant)
With significantlevel « = 5% = 0,05 and test criteria if Fg;4tistic = Frapie atau p-value < a, then

H, rejected.
Table 10 Ridge Regression Parameter Significance Test with F Test

Model Df Sum of Square | Mean Square F
Regression 7 193,7108 27,6730

Error 194 7,2892 0,0376 736,5043

Total 201 201

From table 10 with an F,;;. value of 2,3218, then Fg;4;istic Value greater than Fi,y,;, value. So
it can be concluded that the estimated ridge regression model has significant results on the
estimated value of the dependent variable (Y). So, the model of ridge regression is

Royani, Aziz, Chamidah 6
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Pyiage = —0,0875 + 0,0006 X; + 0,0251 X, — 0,0006 X5 + 3)
0,0130 X, — 0,0079 X5 — 0,0072 X¢ + 0,1572 X,
After that, the model suitability test was carried out. The following are the results of the
MSE calculation, coefficient of determination (R?) and Adjusted R? regression ridge with the

help of MATLAB software as follows.
Table 11 Value of Adjusted R?

Method Adjusted R*
Kibria 0,9626

From table 11 it can be seen that the ridge regression model using the Kibria estimator is close
to number 3 or it can be interpreted that the regression model is more in line with the actual
data model because Adjusted R? value is 96,26%.

Forecasting of stock return can be done by inserting and testing the independent variables
suspected to affect the dependent variable in the model which has been obtained previously.
The following is a graph of forecasting stock returns JKSE.

Forecasting Stock Return

0.0000 “Wﬂ“& ‘ k " ‘ Vv '

Time (Day)

Return

-2.0000

-4.0000

@Y =@V Ridge Eror

Figure 2 Plot Forecasting Testing Data

Based on the results of forecasting ridge regression model using the estimator Kibria in Figure
2, it can be seen that the error which is the difference of the actual data and the stock returns
estimated using ridge regression model close to zero, so that it can be said that the model in
number 3 is good to use.
Table 12 Validation Test
MSE | RMSE | MAPE
0,0591 | 0,2431 | 39,71%

Based on Table 12, it can be seen that the MSE value is 0.0591 and the RMSE is 0.2431, where
both values are quite small and close to zero, while the MAPE value is 39.71%.

CONCLUSIONS
The ridge regression model using the tuning parameter Kibria can be used to predict the

return of the JKSE joint stock with a fairly good level of accuracy.
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