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Abstract

Various analytical techniques are available for modeling multivariate time series data. One
such approach is the State Space Model, which can be employed to model this type of data.
In this study, the data to be analyzed are data on the Indonesia Rupiah (IDR) exchange rate
(ExR) against the US Dollar (USD), oil and gas exports (OGE), money supply (MS) and non-oil
and gas exports (non-OGE) from January 2008 to December 2019. The aim of this study
is to identify the most suitable state space model for the given data. In this research, the
state space method will be applied to multivariate time series data, with the state space
represented in the Vector Autoregressive (VAR) model to explore the interrelationships
among groups of observed variables. The VAR model is a statistical technique used to analyze
the relationships between variables in the dataset, employing the Granger Causality Test.
The state space model is utilized to model and forecast multiple interconnected time series,
where the variables exhibit dynamic interactions and to examine additional unobserved
variables in the time series data. Based on the analysis results and the minimum value of the
Akaike Information Criterion (AIC), the optimal VAR model identified is the VAR (6) model.
The results of forecasting values using the state space model show that the predicted values
and the real values for the state space model are very closed to each other.
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1. INTRODUCTION

In recent years, state-space representations and the correspond-
ing Kalman recursions have significantly influenced time series

There are many approaches have been discussed in the last fifty
years for analyzing data time series, either univariate or mul-
tivariate time series [1, 2, 3, 4, 5, 6, 7, 8]. The application of
those methods for analysis data time series have been applied in
many fields of science such as in economic, business, financial,
biology, environments. One of the models that can be used to
analysis multivariate time series data is state space model. This
model was first introduced by Kalman [9] and further developed
Kalman and Bucy [10], and it is widely used for modeling and
forecasting multivariate time series with dynamic interactions.
Considering the autocorrelations across the entire set of vari-
ables, the state space model can provide more accurate forecasts
compared to methods that model each time series individually.

analysis and various related fields. These techniques were ini-
tially developed for the control of linear systems (for accounts
of this subject, see the books of Davis and Vinter [11] and Han-
nan and Deistler [12]). State space modeling provides a unified
methodology for analyzing many problems in time series data
[8].

The state space method was first developed in the field of
control engineering, beginning with the pioneering paper by
Kalman [9]. Initially, this approach was employed to precisely
track the position and velocity of moving objects, such as ships,
aircraft, missiles, and rockets. Around the seventies, scientists in
other fields also recognized that this idea could also be applied
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to time series analysis in general [13, 14]. Since then the state
space method has been applied in a variety of subjects, including
business, biology, economics, finance, political science, environ-
mental science, to medical science. The modern development
of state space models began with the works of Kalman [9] and
Kalman and Bucy [10], leading to a significant body of literature
in engineering [15, 16]. Early statistical contributions included
the Markovian representation proposed by Akaike [13, 14]. Han-
nan and Deistler [12] offered a comprehensive synthesis of the
engineering and statistical time series research for stationary
time series. In economics, Aoki and Havenner [17] explored
multivariate state space models and proposed methodologies for
both stationary and nonstationary data. For a detailed review of
literature in this field, see Durbin and Koopman [8]. Over the
past decade, state space modeling has become widely adopted in
economics and finance. Key textbook treatments of state space
models can be found in [6, 8, 18, 19, 20, 21, 22, 23, 24]. Gomez
[24] discussed extensively about the state space model for mul-
tivariate time series data. At present, the state space method
is used in statistics for analysis data time series. According to
Wei [5], the state space model is a technique for modeling and
simultaneously forecasting multiple interconnected time series
data variables, where these variables exhibit dynamic interac-
tions. The primary objective of the state space method is to
derive meaningful results from a series of vectors based on the
observed data.

The state space method is flexible and can be applied to both
univariate and multivariate data. For extensive discussion of
the application of state space in multivariate time series can be
seen in Gomez [24]. While it is often used with single-variable
data that does not require relationships between observed vari-
ables, this study will extend the application of the state space
method to multivariate data. The state space will be represented
using the Vector Autoregressive (VAR) model to examine the
interrelationships among observed groups of variables. The VAR
model is a statistical approach that can be utilized to explain the
relationships between variables within the data.

Akaike [25, 26] introduced state vectors as vectors of canon-
ical variates that relate the data to future observations in the
development of state space models for time series. His approach
can be seen as a generalization of a similar concept used for
two vectors in factor models. This generalization is significant
because, unlike static factor models, dynamic factors cannot be
a mixture of past data and unobserved future realizations of the
data vectors. Wei [5] explored the use of canonical correlation
for fitting state space models. According to Durbin [27], state
space models offer a powerful framework for practical time series
analysis across various fields, including statistics, econometrics,
and engineering.

The aim of this study is to identify the state space model that
best fits the data multivariate time series data: the Indonesia
Rupiah (IDR) exchange rate (ExR) against the US Dollar (USD),
oil and gas exports (OGE), money supply (MS), and non-oil and
gas exports (non-OGE). Then this model will be used to explore
the behavior of the data such as the Granger Causality among
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data, the plot of the predicted values and the real data whether
they are closed to each other or not, and finally the model will
be used for forecasting.

2. METHODS

The data used in this study are data on the IDR exchange rate
against the USD, oil and gas exports, money supply and non-
oil and gas exports from January 2008 to December 2019. The
data source was obtained from the Ministry of Trade and Bank
Indonesia website.

The first step in analyzing time series data is to verify the
stationarity assumption, which is crucial in time series analysis
[2, 3, 28, 29, 30, 31]. In this study, the stationarity of the time
series data is assessed both visually, by examining the data plot,
and through the Augmented Dickey-Fuller (ADF) test. To test
the stationarity of the time series data using the ADF test, the
following model can be applied:

m
Azy = p+ ft+ 8z + Z aiNzi_; + e (1)

i=1
The null and the alternative hypotheses are defined as follows:

Hy:6=0 and H :6<0
To test the null hypothesis, we use either the test-7 or the

Dickey-Fuller test as follows:

r=— @)

The null hypothesis is rejected if the p-value < «, for a =
0.05 [28, 32, 33].

2.1 Model Vector Autoregressive (VAR)

As stated by Tsay [7], when analyzing multivariate time series
data that involves multiple variables, one possible model to use
is the Vector Autoregressive (VAR) model. The VAR(p) model
can be expressed as follows:

P
Zt = cI)() + Z (I)iZ[_i + a; (3)

i=1

where Z; is an n x 1 vector time series, ®, is an n x 1 vector
of constants, ®; is an n x n parameter matrix (i > 0, ®, # 0), and
a; is a shock vector with mean vector 0 and variance—covariance
matrix X,.

2.2 Granger Causality Test

The Granger Causality Test is one of the most widely used meth-
ods for examining causal relationships in multivariate time series
data studies. According to [6, 34], this test helps to identify the
short-term reciprocal relationships between the variables being
studied. For example, to analyze the Granger causality between
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variables X and Y, the model for the Granger Causality Test is as
follows:

Xy = o X+ Xip X p i yici e Vot Bp iyt

4)

Under the assumptions of Ordinary Least Squares (OLS), the
null hypothesis to be tested is stated as follows:

Hy: fr=fo==p=0
(Y does not Granger-cause X)
against
H; : atleast one 8, # 0
(Y Granger-causes X)

The statistical test is formulated as follows:

_ (RSSy — RSS,)/p
~ RSS;/(T—2p—1)

F ()

Reject the null hypothesis if F-Test > F(a, p, T —2p — 1) or
if p-value < 0.05 [? ]. To calculate the residual sum of squares 1
(RSS,), the shocks of model (4) are calculated as follows:

T
RSS; =Y i} (6)
t=1

Under the null hypothesis, model (4) is represented as follows:
Xp = Co+ ViXe + YaXpg + o+ YpXep + € (7)

Next, to calculate the residual sum of squares 0 (RSS,), the shocks
of model (7) are calculated as follows:

T
RSSy =Y. é} (8)
t=1

2.3 Model State Space

The state space model is a method used to simultaneously model
and predict multiple interconnected time series data, where the
variables exhibit dynamic interactions [4]. The state space rep-
resentation is explained through the state equation:

Yin =AY + GXiq )
And the output equation is:
Zy=HY, (10)

where Y, is a k x 1 state vector, A is a k x k transition matrix, G
is a k x n input matrix, X; is an n x 1 input vector, Z; isan m x 1
output vector, and H is an m x k observation (output) matrix [4].
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2.4 Canonical Correlation Analysis

Canonical correlation analysis is a statistical method used to
examine the relationship between a set of dependent variables
and a set of independent variables. According to Wei [5], the
state vector is uniquely defined through the analysis of canonical
correlations between a series of current and past observations
and a set of observations of present and future events. For a
detailed discussion of canonical correlation, refer to Wei [5].
Canonical correlation analysis is conducted between data spaces
as follows:

Dn=(Z).Zy g Zy ) (11)
and the predictor space:
Fa = (Zh Zy sy Zh ) (12

The order p for the VAR model is selected based on the
optimal fit of the data to the VAR(p) model, which is determined
by the smallest value of the Akaike Information Criterion (AIC).
Canonical correlation analysis is applied to the Block Hankel
matrix of the sample covariance:

NOREINE 1)
e r(:1) r(:z) f(p - 1) 13)
I(p) T(p+1) I(2p)

where f(j), j =0,1,2,...,2p is the sample covariance matrix
defined as follows:

. 18 . -

B(s) =~ Y (2= 2)Zvs - 2 (14)
t=1

The components of the state vector are selected using the small-

est canonical correlation of T'(j) [4].

2.5 Parameter Estimation
Based on the state space model

Y = AV + GXiq

where X, — iid N(0,3). The observation vector Z; consists of m
main components of Y; so that Z, = HY;, where H = [I,, 0] is a
matrix of order m x k.

As stated by Wei [5], once the state space model is selected,
the next step is to estimate the parameters of the model using the
maximum likelihood estimation method. Given the likelihood
function:

L(Z1, Zs, ... Zn | A, G, %) = (27) 23 2 e 2 aceS(AG)  (15)
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Table 1. Augmented Dickey Fuller Test for Data IDR Exchange Rate Against the USD (ExR), Oil and Gas Exports (OGE), Money

Supply (MS) and Non-oil and Gas Exports (non-OGE)

Dickey-Fuller Unit Root Test

Variable Type

Rho

Zero Mean 0.36
-1.76
-8.44

Kurs Single Mean

Trend

Zero Mean
EM Single Mean
Trend

-1.19
-4.57
-8.18

Zero Mean 1.16
UB Single Mean 0.45
-20.13

Trend

Zero Mean 0.19
-9.56
-13.33

ENM Single Mean

Trend

Pr<Rho Tau Pr<Tau
0.7682 1.02 0.9192
0.8053 -0.89 0.7896
0.5384 -2.05 0.5696
0.4399 -0.98 0.2915
0.4726 -1.38 0.5888
0.5589 -2.03 0.5808
0.9333 4.03 0.9999
0.9748 0.57 0.9884
0.0582 -3.23 0.0836
0.7258 0.30 0.7714
0.1432 -2.32 0.1670
0.2343 -2.59 0.2842

Table 2. Augmented Dickey Fuller Test for Data IDR Exchange Rate Against the USD (ExR), Oil and Gas Exports (OGE), Money
Supply (MS) and Non-oil and Gas Exports (non-OGE) After Differencing (d = 1)

Dickey-Fuller Unit Root Test

Variable Type Rho Pr<Rho Tau Pr<Tau
Zero Mean -171.74 0.0001 -9.20 <.0001
Kurs Single Mean -177.77 0.0001  -933  <.0001
Trend -177.85 0.0001 -9.29 <.0001
Zero Mean -182.19 0.0001 -9.55 <.0001
EM Single Mean  -183.28 0.0001 -9.55 <.0001
Trend -183.84 0.0001 -9.52 <.0001
Zero Mean -191.93 0.0001 -9.63 <.0001
UB Single Mean  -275.13 0.0001 -11.53 <.0001
Trend -280.91 0.0001 -11.62 <.0001
Zero Mean -308.80 0.0001 -12.33 <.0001
ENM Single Mean -311.30 0.0001 -12.33 <.0001
Trend -311.75 0.0001 -12.30 <.0001

So that the log likelihood function is:

I(Zy, Zy, . Zn | A,G,5) = In [(zfr)*%z*% ¢~ trace 5“”’]

1
I L(Zy, Zp, ... Zn | A G,3) = —g In[] - _ trace (S7'5(4,G))
(16)

where

S(A.G) =) XX/
t=1

2.6 Forecasting

The Kalman filter is the most widely used method for approximating
and estimating statistics in state space models. It effectively handles
changes in model parameters and variances. According to Welch and
Bishop [35], during the forecasting phase, the estimated value for the
current state is generated, and the error covariance is used as the initial

© 2026 The Authors.

estimate for the next step. The Kalman filter is a recursive process that
begins by forming an initial state estimate, which is then updated by
adding a correction to this estimate. The fundamental recursive formula
is employed to update both the averages and covariance matrices [5].
Once the state space model is established, the l-step ahead forecasts
from the forecast origin time t can be calculated as shown in [5].

V(D) =EYu | Y, j<t) 3)
=AY (I-1)
=A-AV(1-2)
= A'Y,. (17)
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Hence,

Z()=E(Z1 1 Z;, j< 1)

= HY,(D)
= HA'Y,.
where
Y, =E(Y,|Y, j<t) =Y. (18)

As indicated in Equation (18), the accuracy of the forecasts Z(D
relies on the quality of the estimate Y, of the state vector Y,, which
encapsulates the historical information necessary for future forecasting.
To enhance the forecasts, new observations should be incorporated
to update the state vector, thereby refining the forecast. The Kalman
Filter method serves this purpose as a recursive procedure for making
inferences about the state vector Y, (see Wei [5]).

3. RESULTS AND DISCUSSION

The data used in this study are data on the IDR exchange rate against
the USD, oil and gas exports, money supply and non-oil and gas exports
from January 2008 to December 2019. The data source was obtained
from the Ministry of Trade and Bank Indonesia website. The data plot
can be seen in Figures 1-4. In Figure 1-4, it can be seen that data on the
exchange rate of IDR to USD, oil and gas exports, and non-oil exports
tend to experience sharp fluctuations in increase and decrease over
time, causing the mean of the data in each lag to be not constant which
indicates that the data is not stationary. While the money supply data
tends to increase over time starting from January 2008-December 2019,
so the data contains a positive trend that causes the mean of the data
in each lag is not constant and the data is not stationary. The non
stationary data also can be check formally by using statistical test (The
ADF test), the results are given in Table 1.

14000

12000

ExR

10000

8000
2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
date

Figure 1. Plot Data IDR Exchange Rate Against the US dollars

The next step is to differentiate the data, so that the stationary in the
mean can be attained. Table 2 shows the results of the ADF test for data
after differentiation with d = 1, where the zero mean type and single
mean type value with p-value <.0001 are smaller than the significant
level a= 0.05 for all data variables indicating that the data are stationary.
To find the best VAR(p) model, we have to determine the optimal order
(lag length) p. To determine the lag length (p), we used the information
criteria, which in this study uses the Akaike’s Information Criterion

© 2026 The Authors.
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Figure 2. Plot Data Export Oil and Gas (OGE)
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Figure 3. Plot Data Money Supply (MS)

(AIC). The optimal order of p is chosen based on the minimum value of
the AIC (Table 3). From Table 3, it can be seen that the minimum AIC
value is 8097.252 and found in the 6th lag. Therefore, the chosen model
is VAR (6).

3.1 Model Vector Autoregressive (VAR (p))
Model VAR(6) is as follows:

Kurs, —51.86032 0.035185 —0.14279 0.000159 0.025643
EM, | | —4.50817 —0.18916 —0.33593 —0.00169 —0.00221
UB, |~ |13627.28927| " |-4.20996 —0.17344 —0.31181 2.627181
ENM, 235.54144 0.059396 0.624904 —0.00385 —0.90383
Kurs,_,| [—0.16194 —0.13208 0.002575 0.047211 | |Kurs,
EM,, |, |-0.06549 —0.08526 —0.00135 0.067118 || EM,_,
UB,_; —-10.1514 16.1758 —0.16775 5.368599 || UB,_,
ENM,_,| [-0.19295 0.877631 —0.00928 —0.49265||ENM,_,
0.085768 —0.01582 0.000912 —0.00543 | |Kurs,_;
| |70-09703 ~0.15049 0.000456 0.067269 || EM,s
—9.99924 —10.0912 —0.08832 —1.2474 || UB,s
—0.61997 0.707305 —0.00181 —0.25497| |ENM,_;
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Table 3. Akaike’s Information Criterion (AIC) for Model Vector Autoregressive

Information Criterion for Autoregressive Models

Lag=0 Lag=1 Lag=2 Lag=3 Lag=4 Lag=>5 Lag=6 Lag=7 Lag=8
8212.207 8145.316 8128.102 8128.199 8127.194 8110.95 8097.252 8111.454 8114.644
Table 4. Test Granger Causality
Granger-Causality Wald Test
Test  Group Variable p-value Granger-cause
S s B smocs 009 Nonsncn
;S il £t
5 e vl A 00800  Non-significance
oGl B o N
S e 0L orogs 0405 Mot
6 gixg;zxi}: S}gf 0.1882  Non-significance
7 gigsgézzizgzz I\O/[(S}E 0.5476 ~ Non-significance
;e OCE T oum Narsgmian
’ giﬁﬂﬁézﬁiﬁii E/LSR OGEnon-oGe 0117 Significance
10 o bl Tar 00787 Non-significance
11 gizzgéziiig}: gl(s}E 0.5936  Non-significance
12 gﬁﬁﬁ%ﬁﬂfﬁﬁi II:IASn—OGE 0.0877  Significance
g Tt NonoCE T <o st
o g Dbl Non 0%y it
s Qo edles D OE s g
16 gigﬂg;&iggii TA‘;H'OGE 0.0324 Significance

Notes: ExR: Exchange Rate, OGE: Oil and Gas Export, MS: Money Supply, non-OGE: Non-Oil and Gas Export

3.2 Test Granger Causality

Based on the results in Table 4, test 2 shows that the p-value = 0.0290
is smaller than the significance level of 0.05. Thus, reject the null
hypothesis (Ho), meaning that future exchange rate data is influenced
by past and future oil and gas export data. Furthermore, in the 9th test
the decision to reject Ho is also taken because the p-value = 0.0119 is
smaller than the significance level of 0.05, which means that the data
of the future money supply (MS) is influenced by past and future data
IDR exchange rate against the USD, oil and gas exports, money supply
and non-oil and gas exports. In the 12th test, reject HO with a p-value

© 2026 The Authors.

= 0.0377 smaller than the significance level of 0.05, so that the data
of money supply (MS) will be influenced by past and future data on
non-oil and gas export variables (non-OGE).

Furthermore, the 13 test showed that the p-value <.0001 was
smaller than the significance level of 0.05. Thus reject HO which means
data on non-oil export variables (non-OGE) that will come is influenced
by past and future data on Exchange Rate, OGE, and MS. Based on the
14" test the decision to reject Ho is also taken because the p-value =
0.0224 is smaller than the significance level of 0.05, which means that
the data of the money supply (MS) that will come is influenced by past
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Figure 4. Plot Data Non-Oil and Gas Exports (Non-OGE)

and future data of the exchange rate variable. The 15% test shows that
the p-value = 0.0045 is smaller than the significance level of 0.05, so
Ho is rejected, which means the data of the future non-OGE variable
is influenced by past and future data of the OGE variable. Then in the
16" test with a p-value = 0.0324 smaller than the significance level of
0.05, so reject Ho. Therefore, the future non-OGE variable data is also
influenced by MS’s past and future data.

Asforthetests 1,3,4,5,6,7, 8, 10, 11 with p-values are 0.0598, 0.0800,
0.5861, 0.2415, 0.1882, 0.5476, 0.4477, 0.0787, and 0.5936 respectively are
higher than 0.05. Therefore, we don’t reject Ho. It can be explained
that, of the nine tests, all elements in group 1 in each test were affected
only by themselves and not by group 2.

3.3 Canonical Correlation Analysis

We have determined the optimal lag length (p) for the Vector Autore-
gressive model, which is p=6, and thus selected the VAR(6) model. To
construct the state space model, the first step is to choose the state
vector. For this selection process, we follow the method outlined by
Akaike [26], utilizing canonical correlation. The choice of state vector
is based on the Information Criterion (IC) value; if the IC is negative
(IC < 0), the minimum canonical correlation (pmin) is set to zero [4];
otherwise, it is considered to be greater than zero.

value of IC is negative (—11.8368). Therefore, the variable ExR,.y is ex-
cluded from the state vector. For the second step, we consider the set of
state vector: ExR,;, OGE;, MS;, non-OGE,, OGE,,y. For this set of state
vector, the value of IC is negative (—27.8825). Therefore, the variable
non-OGE,,y is excluded from the state vector. For the third step, we
consider the set of state vector: ExR,, OGE,, MS;, non-OGE;, MS,.y.
For this set of state vector, the value of IC is positive (51.2061). Therefore,
the variable MS,.,, is included in the state vector. For the fourth step, we
consider the set of state vector: ExR;, OGE,, MS;, non-OGE;, MS;,y;, non-
OGE;, ;. For this set of state vector, the value of IC is positive (14.4769).
Therefore, the variables MS,,; and non-OGE,.y are included in the
state vector. For the fifth step, we consider the set of state vector:
ExR;, OGE;, MS,;, non-OGE;, MS;1;, non-OGEy;, MS; 5. For this set
of state vector, the value of IC is positive (5.6564). Therefore, the vari-
ables MS,.;, non-OGE,,y;, and MS,.,, are included in the state vector.
For the sixth step, we consider the set of state vector: ExR;, OGE;, MS;, non-
OGE;, MS; 11, non-OGE,.1;, MS;,5t, non-OGE, ;. For this set of state
vector, the value of IC is negative (—8.2055). Therefore, the variable
non-OGE, .y, is excluded from the state vector. For the seventh step, we

consider the set of state vector: ExR,, OGE,, MS;, non-OGE;, MS,,;, non-
OGEHl\t, M5t+2|t, M5t+3\t~

For this set of state vector, the value of IC is negative (—8.2055).
Therefore, the variable MS, .3, is excluded from the state vector. Based
on the analysis above, at the third, fourth, and fifth steps the IC values
are positive. Therefore, based on the canonical correlation analysis, the
components of the state vector are as follows:

EXRW

OGEy,

Mst\t

Y; = | non-OGEy;
MS:+1\:

non-OGE,
MSHZ\:

3.4 State Space Model
Based on the estimation of parameters given in Table 6, then model
state space can be written as follows:

From Table 5, for the first step we consider the set of state vector: Y1 = AY, + GXi 4 (19)
ExR;, OGE;, MS;, non-OGE;, ExR;,y. For this set of state vector, the
ExR;i1j141 [ 0.0333 —0.0864 —0.0016 —0.0093 0 0 0 ExRy; 1 0 0 0
OGE, 111 —0.1421 —0.2832 —0.0009 —0.0205 0 0 0 OGEy, 0 1 0 0 N
MSii1j041 0 0 0 0 1 0 0 MSy, 0 0 1 0 ﬁf“
non-OGE | =| 0 0 0 0 0 1 0 non-OGEy, |+| 0 0 0 1 o
MS, o1 0 0 0 0 0 0 1 MS, s 0.2427 —1.11634 —0.4058 5.9140 g‘“
non-OGE; 141 —0.4832 —0.6218 —0.0058 0.5610 —0.00439 0.31402 —0.0252| |non-OGE,,q 0.1644 0.4149 —0.0034 —0.6956|L "
MS; 15141 —18.145 —31.0828 0.18733 35.9854 —0.03575 57.2744 —0.8375 MS,; 1o —6.1543 —13.6988 —0.0563 0.0307
(20)
where 3.5 Forecasting
@t 1063149 —10423.2 1782192 _38498.4 In this study, forecasting is c.arried out using a fitted state space model
Bin| |-104232  84627.4 1009557 00274.95 and Fhe Kalman filter technlque. Thg state space model is applied to
Var i | | 1782192 1009557  4.2142x 10° 3036868 (21)  predict data for the upcoming 12 periods (months). From the results of
Ot —38498.4 90274.95 3036868 828225.2

© 2026 The Authors.
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Canonical Correlation Analysis

STATE VECTOR Canonical Correlation IC Chi-Square  DF
ExR;, OGE,, MS,, non-OGE,, EXRHW 1,1,1,1,0.4727 -11.8368 33.1285 24
ExR;, OGE;, MS;, non-OGE,;, OGE,, 1,1,1,1,0.3622 -27.8825 18.4293 24
ExR,, OGE,, MS;, non-OGE,, MS,, 1,1,1,1,0.7073 51.2061 90.8811 24
ExR;, OGE;, MS,, non-OGE,, MS,H“, non- 1,1,1,1,0.7178, 0.5872 14.4769 55.6134 23
OGEHl\t

ExR,;, OGE,, MS,, non-OGE;, MS;,y;, non- 1,1, 1, 1, 0.7194, 0.6942, 0.5416 5.6564 45.8366 22
OGEHl\t, Mst+2|t

ExR;, OGE;, MS,, non-OGE;, MS, .y, non- 1,1, 1, 1, 0.7195, 0.6944, 0.5956, 0.4587 -8.2055 31.3130 21
OGE;41)t, MS; 451, non-OGE, 5

ExR;, OGE;, MS,;, non-OGE,, MS,H“, non- 1,1,1,1,0.7747, 0.6960, 0.6606, 0.4884 -3.0178 36.1198 21

OGEtH\ts MSHth: MS:+3\:

Notes: ExR: Exchange Rate, OGE: Oil and Gas Export, MS: Money Supply, non-OGE: Non-Oil and Gas Export, IC: Information Criterion.

Table 6. Parameters Estimate of the State Space Model

16000

15000

EXR

14000

13000

12000

Parameter Estimates

Parameter Estimate Standard Error tValue Parameter Estimate Standard Error t Value
F(1,1) 0.033493 0.081146 0.41 F(7,3) 0.187334 0.190972 0.98
F(1,2) -0.08594 0.089877 -0.96 F(7,4) 35.98542 2.236108 16.09
F(1,3) -0.00161 0.001068 -1.51 F(7,5) -0.03575 0.267784 -0.13
F(1,4) -0.00891 0.023787 -0.37 F(7,6) 57.27446 2.478451 23.11
F(2,1) -0.14186 0.068716 -2.06 F(7,7) -0.83752 0.301143 -2.78
F(2,2) -0.28272 0.076873 -3.68 G(5,1) 0.242711 2.366285 0.10
F(2,3) -0.00096 0.000947 -1.01 G(5,2) -1.11634 2.405108 -0.46
F(2,4) -0.02041 0.020514 -1.00 G(5,3) -0.40586 0.082366 -4.93
F(6,1) -0.48324 0.133432 -3.62 G(5,4) 5.914061 1.546771 3.82
F(6,2) -0.62181 0.229897 -2.70 G(6,1) 0.164405 0.090163 1.82
F(6,3) -0.00583 0.003292 -1.77 G(6,2) 0.414905 0.115255 3.60
F(6,4) 0.561010 0.201008 2.79 G(6,3) -0.00341 0.003183 -1.07
F(6,5) -0.00439 0.005288 -0.83 G(6,4) -0.69560 0.052994 -13.13
F(6,6) 0.314026 0.303280 1.04 G(7,1) -6.15438 2.358714 -2.61
F(6,7) -0.02523 0.010446 -2.42 G(7,2) -13.6988 2.421685 -5.66
F(7,1) -18.1456 2.592113 -7.00 G(7,3) -0.05636 0.083116 -0.68
F(7,2) -31.0828 2.602168 -11.94 G(7,4) 0.030778 1.574403 0.02

Jan Jul Jan Jul Jan Jul Jan
2015 2016 2017 2018

DATE

o 95% Confidence Band
——o— Graph forecasting data Exchange Rate

Jul Jan Jul Jan
2018 2020

—=&— Graph Data Exchange Rate

Figure 5. Plot Forecasting for Data Exchange Rate
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Figure 6. Plot Data Forecasting Data Export Oil and Gas

Page 23 of 25



Oktaviana S. et. al.

Table 7. Forecasting Data for the Next 12 Months

Integra: Journal of Integrated Mathematics and Computer Science, 3 (2026) 16-25

Month ExR OGE MS Non-OGE
January 2020 13906.54 1115.56 1538891.46 13229.69
February 2020 13995.18 1149.06 1551906.00 13483.11
March 2020 14015.69 1112.25 1565624.31 13571.25
April 2020 14040.30 1107.69 1571544.97 13690.38
May 2020 14074.59 1100.27 1591046.97 13490.64
June 2020 14090.36  1085.76  1598833.64 13467.48
July 2020 14123.46  1083.52  1596261.97 13551.67
August 2020 14171.85 1083.10 1603880.41 13638.64
September 2020  14204.12 1070.16 1614198.62 13718.18
October 2020 14232.63 1060.61 1623277.94 13748.45
November 2020  14263.17 1052.83 1634547.66 13709.10
December 2020  14290.71 1043.59 1642125.15 13710.71

Notes: ExR: Exchange Rate, OGE: Oil and Gas Export, MS: Money Supply, Non-OGE: Non-Oil and Gas Export.

1600000

1400000

Jul Jan
2020

(7]
=
1200000
1000000
Jan Jul Jan Jul Jan Jul Jan Jul Jan
2015 2016 2017 2018 2019
DATE
o 95% Confidence Band ——o—— Graph data money supply
——ae—— Graph forecasting data money supply
Figure 7. Plot Forecasting for Data Money Supply
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Jan Jul Jan Jul Jan Jul Jan Jul Jan
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—=o— Graph data export non-0il and Gas
——e&—— Graph forecasting data non-0il and Gas

Figure 8. Plot Forecasting Data Export Non-Oil
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Jul Jan
2020

and Gas

forecasting given in Table 7, for data IDR exchange rate with respect
to US dollars (ExR), the trend of the forecast for the next 12 months is
increase (Table 7 and Figure 5), for data IDR exchange rate with respect
to US dollars (ExR), the trend of the forecast for the next 12 months is
increase (Table 7 and Figure 5), for data Export of Oil and Gas (OGE),
the trend of the forecast for the next 12 months is decrease (Table 7 and
Figure 6), for data money supply (MS), the trend of the forecast for the
next 12 months is increase (Table 7 and Figure 7), for data expoert of
non-0il and Gas (non-OGE), the trend of the forecast for the next 12
months is increase, but very small increment (Table 7 and Figure 8). The
predicted values, the real and 95% confidence interval for the data on
the Indonesia Rupiah (IDR) exchange rate (ExR) against the US Dollar
(USD), oil and gas exports (OGE), money supply (MS) and non-oil and
gas exports (non-OGE) from January 2008 to December 2019 are given
in Figures 5-8.

4. CONCLUSIONS

Based on the results of the study on the Application of State Space
Representation in the Vector Autoregressive (VAR) Model for Multivari-
ate Time Series Data Forecasting on IDR Exchange Rates against USD
(ExR), Oil and Gas Exports (OGE), Money Supply (MS), and Non-Oil
and Gas Exports (non-OGE). This study focuses on determining the
best model for modeling the multivariate time series data ExR, OGE,
MS and non-OGE by using VAR(p) model then the state space model
for forecasting. Based on the results of analysis and the minimum value
of Akaike’s Information Criterion (AIC), the best VAR model is VAR (6)
model. Based on this VAR (6) model, the state space model is derived by
using procedure of canonical correlation to find the state vector. Fur-
thermore, the behavior of data also discussed by using granger causality;
and forecasting is conducted by using state space model for the next 12
months. The results of forecasting values by using state space model
are sound, and this is indicated by the predicted values and the real
values for the state space model are very closed to each other.
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