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ABSTRACK

THE USE OF PCATO OVERCOME THE MULTICOLLINEARITY IN
ARIMAX MODEL FOR FORECASTING THE RUPIAH-USD
EXCHANGE RATE

By

NAJLA KHANSA ALIFAH

Time series forecasting is used to estimate the future value of a variable based on
its historical patterns. In practice, a variable is not only influenced by its past values
but also by external factors, leading to the use of the Autoregressive Integrated
Moving Average with Exogenous Variables (ARIMAX) model. However, the
inclusion of multiple exogenous variables may lead to multicollinearity, which can
reduce the reliability of the model. This study aims to apply Principal Component
Analysis (PCA) to address multicollinearity in the ARIMAX model for forecasting
the Rupiah exchange rate against the United States Dollar for the period January to
December 2025. The data used are monthly secondary data from January 2012 to
December 2024, with exogenous variables including money supply, interest rate,
inflation, exports, and imports. The results show that PCA produces two principal
components that explain 85.55% of the total data variability. The best model
obtained is ARIMAX(0,1,2) with natural logarithm transformation. The forecasting
results indicate that the Rupiah exchange rate fluctuates but tends to depreciate,
with forecasting errors in each period ranging from 0.15546% to 3.716329% and a
Mean Absolute Percentage Error (MAPE) of 1.263363%, indicating that the model
has a high level of accuracy.

Keywords: ARIMAX, Rupiah Exchange Rate, Forecasting, Multicollinearity,
Principal Component Analysis.



ABSTRAK

PENGGUNAAN PCAUNTUK MENGATASI MULTIKOLINEARITAS
DALAM MODEL ARIMAX UNTUK PERAMALAN NILAI TUKAR
RUPIAH-USD

Oleh

NAJLA KHANSA ALIFAH

Peramalan deret waktu digunakan untuk memperkirakan nilai suatu variabel di
masa mendatang berdasarkan pola historisnya. Dalam praktiknya, variabel tidak
hanya dipengaruhi oleh nilai masa lalu, tetapi juga oleh faktor eksternal, sehingga
digunakan model Autoregressive Integrated Moving Average with Exogenous
Variables (ARIMAX). Namun, penggunaan beberapa variabel eksogen berpotensi
menimbulkan multikolinearitas yang dapat menurunkan keandalan model.
Penelitian ini bertujuan menerapkan Principal Component Analysis (PCA) untuk
mengatasi multikolinearitas pada model ARIMAX dalam meramalkan nilai tukar
rupiah terhadap dolar Amerika Serikat periode Januari hingga Desember 2025. Data
yang digunakan merupakan data sekunder bulanan periode Januari 2012 hingga
Desember 2024, dengan variabel eksogen berupa jumlah uang beredar, suku bunga
(Bl Rate), inflasi, ekspor, dan impor. Hasil penelitian menunjukkan bahwa PCA
menghasilkan dua komponen utama yang mampu menjelaskan 85.55% keragaman
data. Model terbaik adalah ARIMAX(0,1,2) dengan transformasi logaritma natural.
Hasil peramalan menunjukkan bahwa nilai tukar rupiah berfluktuasi namun
cenderung mengalami depresiasi, dengan tingkat kesalahan pada setiap periode
berkisar antara 0.15546% hingga 3.716329% dan nilai Mean Absolute Percentage
Error (MAPE) sebesar 1.263363%, sehingga model memiliki tingkat akurasi yang

tinggi.

Keywords: ARIMAX, Multikolinearitas, Nilai Tukar Rupiah, Peramalan,
Principal Component Analysis.
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I.  INTRODUCTION

1.1 Background and Issues

Time series forecasting is a branch of predictive analytics used to estimate the value
of a variable in a future period based on observations or measurements from
previous periods. In the context of time series, data are collected and arranged
chronological, so the objective of forecasting is to generate an estimate of future
values based on the historical patterns that have been formed (Kolambe & Arora,
2024).

Classical statistical models commonly used in time series forecasting include the
Autoregressive (AR) model, Moving Average (MA) model, their combination
known as the Autoregressive Moving Average (ARMA) model, and its extension,
the Autoregressive Integrated Moving Average (ARIMA) model. The AR model
assumes that the value of a variable in the current period is influenced by its values
in previous periods, whereas the MA model considers the influence of errors from
previous periods. The ARMA model combines these two approaches. The AR, MA,
and ARMA models are employed to model stationary data. Meanwhile, the ARIMA
model represents an extension of ARMA by incorporating a differencing process to

address non-stationarity in time series data (Box et al., 2015).

In practice, a time series is not always influenced solely by its own historical values,
but may also be affected by other relevant variables. Therefore, the Autoregressive
Integrated Moving Average with Exogenous Variables (ARIMAX) model was
developed as an extension of ARIMA that incorporates one or more additional time



series as exogenous variables. The ARIMAX model extends ARIMA by adding the
linear influence of exogenous variables on the stationary response series. By taking
these external factors into account, the model has the potential to enhance the
comprehensiveness and accuracy of the predictions (Somyanonthanakul et al.,
2022).

Several studies have applied the ARIMAX method in time series forecasting. Yang
et al. (2023) employed the ARIMAX model to forecast pulmonary tuberculosis
(PTB) cases in China by incorporating the Baidu Search Index as an exogenous
variable. The study compared the performance of the ARIMA and ARIMAX
models, and the evaluation results indicated that the ARIMAX model demonstrated
superior performance, with an AIC value of 2761.58 and a MAPE of 5.34%,
compared to the ARIMA model, which yielded an AIC value of 2804.41 and a
MAPE of 13.19%.

Another study conducted by Salsabila & Oktaviarina (2024) applied the ARIMAX
model to forecast the Gross Regional Domestic Product (GRDP) of East Java
Province by incorporating exports and imports variables as exogenous variables.
The best model obtained was ARIMAX(0,2,1), with an AIC value of 892.62 and
good forecasting accuracy on the testing data, indicated by a MAPE value of 1.76%.

In addition, Othman et al. (2025) applied the ARIMAX model to forecast OPEC oil
prices by incorporating exogenous variables including OPEC production, global
demand and supply, transportation costs, the GDP of OPEC and non-OPEC
countries, and the world population. In the modeling process, multicollinearity
testing was conducted on the exogenous variables using the Variance Inflation
Factor (VIF), where several variables exhibited VIF values greater than 10,
indicating a high correlation among the explanatory variables. To address this issue,
the researchers applied wavelet decomposition, which effectively reduced the VIF
values and mitigated the problem of multicollinearity. The results of the study
concluded that the ARIMAX model with an ARIMA(2,1,1) specification provided



the best forecasting performance, with a MAPE of 1.86%, and demonstrated stable

and consistent results based on Monte Carlo simulations.

Based on several previous studies, the ARIMAX model demonstrates good
forecasting performance by incorporating exogenous variables in the modeling
process. However, the use of more than one exogenous variable may potentially
lead to multicollinearity issues. Multicollinearity refers to a condition in which
there is a high correlation among independent variables within a model, which can
undermine the reliability of the resulting model. Therefore, in ARIMAX models
involving multiple exogenous variables, testing for and addressing multicollinearity

becomes an important aspect (Othman et al., 2025).

Principal Component Analysis (PCA) is one of the approaches that can be used to
address multicollinearity issues. PCA aims to reduce data dimensionality by
simplifying a set of observed variables. This process is carried out by transforming
the original independent variables into a new set of variables that are uncorrelated

with one another, known as principal components (Chairunnisa et al., 2025).

Several studies have applied the PCA method to address multicollinearity issues. A
study conducted by Alphonsus & Raji (2019) demonstrated that PCA can be
effectively used to handle multicollinearity while simultaneously reducing the
dimensionality of morphological data in Bunaji cows. From 16 morphological
variables exhibiting high correlations, PCA successfully reduced these variables
into four principal components that are mutually uncorrelated and able to explain
90.45% of the total data variation.

In addition, in a study conducted by Chairunnisa et al. (2025), PCA was applied to
address multicollinearity issues in multiple linear regression on Human
Development Index (HDI) data in Kalimantan Island. Of the five independent
variables employed, two exhibited Variance Inflation Factor (VIF) values greater
than 10, indicating the presence of multicollinearity. To address this issue, PCA was



applied and resulted in two principal components selected based on a cumulative
variance proportion of 89% of the total data variation.

The exchange rate plays an important role in the global economy as it influences
international trade, investment, interest rates, and inflation. Its unpredictable
fluctuations create uncertainty for policymakers and market participants, thereby
necessitating accurate modeling and forecasting. As a financial time series, the
exchange rate also exhibits complex characteristics, including autocorrelation and
linkages with macroeconomic factors (Yerima et al., 2025). In the global economy,
the international exchange rate standard is still predominantly dominated by the
United States currency, namely the United States dollar, which also serves as the
primary currency used by Indonesia in most international transactions (Manihuruk
etal., 2023).

Several studies have analyzed the factors influencing the rupiah exchange rate
against the United States dollar. Carissa & Khoirudin (2020) examined the effects
of money supply, interest rates, inflation, and imports on the rupiah exchange rate
using a multiple linear regression approach. The results indicated that,
simultaneously, all four variables had a significant effect on the rupiah exchange
rate, with a coefficient of determination of 75.3%. Partially, money supply, interest
rates, and imports were found to have a positive and significant effect on the rupiah

exchange rate, whereas inflation did not have a significant effect.

Furthermore, a study conducted by Manihuruk et al. (2023) analyzed the effects of
exports, imports, and money supply on the rupiah exchange rate against the United
States dollar using a multiple linear regression method. The results indicated that,
simultaneously, all three variables had a significant effect on the rupiah exchange
rate, with a coefficient of determination of 88.85%. Partially, exports had a negative
and significant effect on the rupiah exchange rate, money supply had a positive and
significant effect, whereas imports did not have a significant effect.



Based on the aforementioned background, this study aims to apply the Principal
Component Analysis method to address multicollinearity issues in the ARIMAX
model for forecasting the rupiah exchange rate against the United States dollar for
the period of January to December 2025 by incorporating exogenous variables

including money supply, interest rates, inflation, exports, and imports.

1.2 Research Objectives

This study aims to apply the Principal Component Analysis method to address
multicollinearity in the ARIMAX model for forecasting the rupiah exchange rate
against the United States dollar for the period from January to December 2025.

1.3 Research Benefits

This study is expected to provide benefits in the form of recommendations or
considerations for the government and financial institutions in formulating policies
related to the stability of the rupiah exchange rate against the United States dollar,
so that the policies implemented can be more targeted and effective. In addition,
this study is also expected to enhance scientific insight and knowledge for both the
author and readers regarding the application of the Principal Component Analysis
method in addressing multicollinearity in the ARIMAX model.



Il.  LITERATURE REVIEW

2.1 Review Matrix

2.1.1 Definition of Matrix

A matrix is defined as a collection of numbers arranged in rows and columns
forming a rectangular array. The numbers that form a matrix are called entries or
elements of the matrix, and they are written inside brackets, either () or [ ]. In
general, a matrix is denoted by a capital letter, for example A4, while the entry of the
matrix A in the i-th row and j-th column is denoted by a;;. If matrix A consists of
m rows and n columns, then the order of the matrix is written as m x n. Matrix A

can be expressed as follows (Anton & Rorres, 2013):

a1 42 Ain

a1 Az arn
A= .

aml Am2 amn

which can equivalently be written as:
A = ay]

wherei =1,2,3,...,mandj = 1,2,3,...,n.



2.1.2 Transpose of Matrix

Suppose matrix A has order m x n. The transpose of matrix, A denoted by AT, is
obtained by interchanging the rows and columns of matrix A. That is, each row of
matrix A becomes a column of matrix AT, and each column of matrix A becomes a

row of matrix A”. Thus, the order of matrix A7 is n x m (Anton & Rorres, 2013).

T
a;; ag A1n a1 dzq Am1
Az1 QA * Gzp| _ |Q12 G2 ** OGm2
Amn A1n

If a matrix A is transposed twice, the result is the matrix itself, as shown by the

following property:

A" = A.

2.1.3 Determinant of Matrix

Suppose A4 is a square matrix of order n X n. The determinant of A can be computed
by multiplying the entries in a row or a column of matrix A by their corresponding
cofactors and summing the resulting products. The resulting scalar value is called
the determinant of matrix A, and the process is known as cofactor expansion of
matrix A. The determinant of matrix A can be calculated through cofactor expansion
along any row or any column of the matrix. In general, the expansion can be written
as follows (Anton & Rorres, 2013):

o Cofactor expansion along the j-th column:

det(A) = alelj + aszzj + -+ ananj



e Cofactor expansion along the i-th row:
det(A) = a;1Ciy + a;pCip + -+ aiCin

where:
a;; = the entry of matrix A4 in the i-th row and j-th column
C;; = the cofactor of entry a;;, defined as C;; = (—1)"*/M;;, and M;; is the
minor of entry a;;, namely the determinant of the submatrix obtained by

deleting the i-th row and j-th column of matrix A.

2.1.4 Invers of Matriks

Suppose A s a square matrix of order n X n. Matrix A has an inverse, denoted by

A1, if it satisfies the following property (Anton & Rorres, 2013):
AA ' =A"1A=1,

where I, is the identity matrix of order n X n.

The inverse of a matrix can be obtained using the adjoint method, with the formula

given as follows (Indriati, 2019):

a1 .
A —det(A)Ad](A)

where Adj(A) denotes the adjoint matrix of A.



2.1.5 Eigenvalues and Eigenvectors

Suppose 4 is a square matrix of order n x n. A scalar A is called an eigenvalue of
matrix A, and a nonzero vector x € R™ is called an eigenvector corresponding to A,

if it satisfies the equation:

Ax = Ax (2.2).

Equation (2.1) can be rewritten as:

Ax = Ax

thus, the equivalent form is:

(AI—A)x=0 (2.2).

For Equation (2.2) to have a nontrivial solution (x # 0), the coefficient matrix AI —

A must be singular, that is, its determinant must be equal to zero. Hence, we obtain:

det(AI —A) = 0 (2.3).

Equation (2.3) is called the characteristic equation of matrix A. This characteristic
equation produces a polynomial of degree n in A, known as the characteristic
polynomial of A. The roots of the characteristic polynomial are the eigenvalues of
matrix A. Since a polynomial of degree n has at most n roots, a matrix of order n x
n has at most n eigenvalues. The eigenvalues obtained are then substituted into
Equation (2.2) to determine the corresponding eigenvectors (Anton & Rorres,
2013).
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2.2 Time Series and Forecasting

A time series is a set of observations of a variable arranged chronologically at
equally spaced time intervals, such as daily, monthly, or yearly intervals
(Montgomery et al., 2015). One of the main characteristics of time series data is the
presence of dependence among observations that are close in time, therefore time

series analysis focuses on modeling this dependence structure (Box et al., 2015).

According to Makridakis et al. (1983), there are four types of time series data

patterns, namely:

1. Horizontal pattern occurs when the data values fluctuate around a constant mean.

ANV A

Time

Figure 1. Horizontal Pattern (Makridakis et al., 1983).

2. Seasonal pattern occurs when a time series is influenced by seasonal factors such

as quarterly, monthly, or weekly periods.
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Figure 2. Seasonal pattern (Makridakis et al., 1983).
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3. Cyclical pattern occurs when the data are influenced by long-term economic

fluctuations, such as those associated with business cycles.

/"\/_J

Time

Figure 3. Cyclical pattern (Makridakis et al., 1983).

-
—

4. Trend pattern occurs when there is a long-term tendency of increase or decrease

in the data values.

1 1 I | 1 1 1 | | |
1972 73 74 75 76 77 78 79 80 81 82

Time

Figure 4. Trend pattern (Makridakis et al., 1983).

Forecasting is the process of estimating future events or the value of a variable in
upcoming periods. Based on the time horizon, forecasting is classified into short
term, medium term, and long term forecasting. Short term forecasting covers
several periods ahead, such as daily, weekly, or monthly forecasts. Medium term
forecasting generally covers a period of one to two years ahead, while long term
forecasting may extend beyond that period to several years into the future

(Montgomery et al., 2015).
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In general, forecasting methods are divided into two categories, namely qualitative
and quantitative methods. Qualitative methods are subjective and based on expert
judgement. In contrast, quantitative methods utilize historical data analyzed through
statistical models to capture patterns in the data and project them into future periods

(Montgomery et al., 2015).

2.3 Multicollinearity

Multicollinearity is a condition in which two or more independent variables have a
strong linear relationship with one another (Chan et al., 2022). Multicollinearity can
be detected by calculating the Variance Inflation Factor (VIF) value. If the VIF
value exceeds 10, it can be concluded that multicollinearity is present (Gujarati &
Porter, 2009). According to Gujarati & Porter (2009), the formula for

calculatingVIF is expressed as follows:

= 1TTR
J

(2.4)

where:
Rj2 = coefficient of determination obtained from the regression of the j-th

independent variable on all other independent variables.

2.4 Principal Component Analysis (PCA)

Principal Component Analysis (PCA) is a multivariate analysis technique that
constructs a number of linear combinations of variables to obtain principal
components that are mutually uncorrelated. The first principal component is the
linear combination with maximum variance, while each subsequent principal
component is the linear combination with maximum variance subject to being

orthogonal to the preceding components. This method is used to reduce the
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dimensionality of the data while retaining most of the variation present in the

original dataset (Rencher, 2002).

The steps in implementing PCA are as follows:

1. Data standardization
PCA is sensitive to differences in variable scales. Therefore, if the variables have
different units of measurement, standardization must first be performed.
Differences in scale can affect the variance and consequently influence the
formation of principal components. Standardization is carried out by centering

and scaling each variable as follows (Jolliffe & Cadima, 2016):

(2.5)

where:
z;; = standardized value
x;; = original value of the i-th observation of the j-th variable
%; = mean of the j-th variable

s; = standard deviation of the j-th variable.

After standardization, PCA is performed using the correlation matrix.

2. Constructing the covariance or correlation matrix
PCA is based on either the covariance matrix or the correlation matrix,
depending on the scale of measurement of the data. If the variables are measured

in the same units, the covariance matrix is used and is formulated as:
n
1 _ _
S=— > G- D% -1
n—1¢ -
=

where Y; represents the i-th observation vector and Y denotes the mean vector.
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If the variables are measured on different scales, the correlation matrix is used.
The correlation between the j-th and k-th variables is expressed as:

_ Sik

Tik = .
J S;Sk

The correlation matrix can also be obtained from the covariance matrix through:
R = D;1sD;?

where D is a diagonal matrix containing the standard deviations of each variable
(Rencher, 2002).

. Computing eigenvalues and eigenvectors
After the covariance or correlation matrix has been constructed, the next step is
to compute the eigenvalues and eigenvectors through the following equations:

Saj = /1](1]
or

Raj = ljaj

where 1; is the eigenvalue and a; is the corresponding eigenvector. The
eigenvalue represents the amount of variance explained by the j-th principal
component, while the eigenvector indicates the direction of the component in the
multidimensional space. The eigenvalues are arranged from the largest to the

smallest so that the first component explains the greatest variance in the data.

The proportion of variance explained by the j-th principal component is

calculated by comparing the j-th eigenvalue to the sum of all eigenvalues, given

by:

]
—— (2.6).
k=1 Ap
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Since the sum of all eigenvalues is equal to the total variance of the data, this
ratio indicates the relative contribution of each principal component to the

overall variation in the dataset (Rencher, 2002).

. Determining the number of principal components
Determining the number of principal components is an important step in PCA,
as it determines the extent to which dimensionality reduction can be achieved
without losing meaningful information. The commonly used criteria for
determining the number of components are as follows (Rencher, 2002):
1. Retaining components until the cumulative proportion of explained variance
reaches a certain level, for example 80% of the total variance.
2. Retaining components whose eigenvalues are greater than the average
eigenvalue, that is,
In PCA based on the correlation matrix, the average eigenvalue is equal to 1,

so this criterion is known as the rule 4 > 1.

. Forming the principal components
Each principal component is expressed as a linear combination of the variables
analyzed (Rencher, 2002):

PCJ = aj1X1 + aj2X2 + -+ aijp = a}TX (27)
where:
PC; = j-th principal component
ajp = loading of the p-th variable on the j-th component

Xy, ..., X, = variables used in the analysis, which may be the original
variables (in PCA based on the covariance matrix) or
standardized variables (in PCA based on the correlation

matrix).
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2.5 Stasionarity

Stationarity is one of the characteristics that must be considered in time series
analysis. Atime series is said to be stationary if it has a constant mean and variance
over time, and if the covariance between two periods depends only on the length of
the lag and not on the actual time at which it is computed (Gujarati & Porter, 2009).
Nonstationary data generally contain a unit root or a deterministic trend. The
presence of a unit root indicates that the effect of a shock is permanent, causing the
data to follow a random walk pattern and making it difficult to forecast (Rifai &
Zhahirulhaq, 2024).

In time series analysis, one of the steps to achieve variance stationarity is through
data transformation. One commonly used transformation is the Box-Cox
transformation, which was introduced by Box and Cox in 1964. The Box-Cox

transformation is expressed as follows (Cryer & Chan, 2008):

Yyt—1 120
g ={"71 >
logy, A=0

the parameter A determines the form of transformation applied to the data.

To test for stationarity in the mean, the Augmented Dickey-Fuller (ADF) test is
commonly used to detect the presence of a unit root in time series data (Gujarati &

Porter, 2009). In general, the ADF test model can be expressed as follows:

m
AYt = ,Bl + ’th + 6Yt—1 + Z ai AYt—i + gt'

=1

The steps in conducting the ADF test are as follows (Petrica et al., 2017).
1. Hypotheses:

e H,:8 = 0, indicating that the data contain a unit root (non-stationary).
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e H,:56 < 0, indicating that the data do not contain a unit root (stationary).
. Significance level:

a = 5% = 0.05.

. Test statistic:

The ADF test uses the t statistic, which is written as.

o 5
&= Se(d)
where:
) = estimated coefficient

Se(8) = standard error of §.

. Decision rule:

e Reject H, if the calculated t statistic is less than the Dickey-Fuller critical
value or if the p — value < a.

¢ Fail to reject H, if the calculated t-statistic is greater than the Dickey-Fuller
critical value or if the p — value > a.

. Decision.

. Conclusion.

2.6 Differencing

Differencing is a method used to transform time series data into a more stationary

form. The first differencing of a time series is expressed as follows (Montgomery
et al., 2015):

V=Y -V

using the backshift operator B, defined as BY; = Y;_4, the first differencing can be

written as:

VYt == (1 - B)Yt.



18

If the data are still not stationary after the first differencing, a second differencing
can be applied as follows:

VZYt = (1 - B)ZYt == Yt - ZYt—l + Yt—Z'

In general, the d-th order differencing is defined as:

veY, = (1 — B)%Y,

with B4Y, = Y,_,.

Differencing is used to eliminate trends or nonstationary components in the data. In
the ARIMA model, the integrated component (d) indicates the number of
differencing operations required to make the time series stationary. This process
aims to address the presence of a unit root so that the resulting model becomes more
stable and produces better forecasts (Rifai & Zhahirulhag, 2024).

2.7 Autocorrelation Function and Partial Autocorrelation Function

In time series analysis, the Autocorrelation Function (ACF) and the Partial
Autocorrelation Function (PACF) are statistical tools used to identify patterns of
temporal dependence and to assist in the model identification process. The patterns
formed in the ACF and PACF plots are used to determine the order of the
Autoregressive (AR) and Moving Average (MA) models, where the PACF helps
identify the order p of the AR component, while the ACF helps identify the order g
of the MA component (Cryer & Chan, 2008).

The Autocorrelation Function (ACF) is used to measure the correlation between an
observation Y; and Y, at lag k. The sample ACF is expressed as follows (Wei,
2006):
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o X =) Y = 1)
Pr (Y, — V)2

Meanwhile, the Partial Autocorrelation Function (PACF) measures the correlation
between Y; and Y, after removing the effects of the intervening observations,
namely Yi.q, Yii2, ..., Yipx—1. The sample PACF is expressed as follows (Wei,
2006):

Prar — 2=y Prj Prv1-
1- Z?:l DijPj

¢k+1,k+1 =

and

Drr1,j = Gkj — Prr1k+1Prer1—j-

2.8 Time Series Models

In time series analysis, there are various commonly used models, including the
Autoregressive (AR) model, the Moving Average (MA) model, the Autoregressive
Moving Average (ARMA) model, and the Autoregressive Integrated Moving
Average (ARIMA) model.

2.8.1 Autoregressive (AR) Model

The Autoregressive (AR) model is a model for stationary time series data that
assumes the value of a variable in the current period is influenced by its past values.

The following is the autoregressive model of order p (Box et al., 2015).
Yi=¢1 Y1+ Vot + Y+ &

where:
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Y; = data at time period t
Ye_1,...,Y;—, =dataattime periods t-1, ..., t-p
1, s Pp = AR model parameters

& = error term at time t.

The AR(p) model can also be expressed using the backshift operator B,where

B*Y, = Y,_,. Using this operator, the AR(p) model becomes:

Yt = ¢1BYt + ¢ZBZYt + -+ (l)poYt + gt
(1 — 1B — ¢$B* — - — ¢po)Yt =&
(nbp(B)Yt = &

2.8.2 Moving Average (MA) Model

The Moving Average (MA) model is a time series model used for stationary data,
which explains that the value of a variable in the current period is influenced by the
error terms from the current and previous periods. The following is the moving

average model of order g (Box et al., 2015).

Vi =& — 0181 — 0262 — = 0484
where:
Y; = data at time period t
01, ..., 64 = MA model parameters
& = error term at time t

Et—1, e, Er—q = ITOr terms at times t-1, ..., t-q.

The MA(q) model can also be expressed using the backshift operator B. Using this

operator, the MA(q) model becomes:
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Yt =& — BlBEt - 02B2£t — et Hqugt
Y, =(1-6,B—6,B%—-—6,B9)e,
Yt = Qq(B)St.

2.8.3 Autoregressive Moving Average (ARMA) Model

The Autoregressive Moving Average (ARMA) model is a combination of the AR
model of order p and the MA model of order g, which is used to analyze and model
stationary time series data. The ARMA model explains that the current value of a
variable is influenced by its past values as well as by past error terms. The following
is the ARMA(p, q) model (Box et al., 2015).

Yt = (nblYt—l + -4+ (I)th_p + & — Qlet_l — = Qqé‘t_q

where:
Y; = data at time period t

Ye1, .., Yi—p =dataattime period t-1, ..., t-p

b1 r Pp = AR model parameters
01, ..., 64 = MA model parameters
& = error term at time t

Er—1, -, Er—q = ITOr terms at times t-1, ..., t-q.

The ARMA(p, q) model can also be expressed using the backshift operator B.
Using this operator, the ARMA(p, g) model becomes:

Y, = ¢1BY, + $,B*Y, + - + ¢pBPY; + & — 0,Be, — 0,B%c, — -+ — 0,B%¢,
(1= ¢1B = $,B* — = ¢p,BP)Y, = (1 = 6,B — 6,B* — - — 6,B) ¢,
¢p(B)Y; = 0,(B)e.
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2.8.4 Autoregressive Integrated Moving Average (ARIMA) Model

The Autoregressive Integrated Moving Average (ARIMA) model is an extension of
the ARMA model that incorporates a differencing component d to transform non-
stationary time series into stationary ones. Using the backshift operator B, the
ARIMA (p, d, q) model is expressed as follows (Box et al., 2015):

¢p(BY(1 — B)?Y, = 0,(B)e,

where:
Y; = data at time period t
¢p(B)  =AR parameter of order p
6,(B) = MA parameter of order q
(1 — B)? = d-th order differencing

&t = error term at time t.

2.9 Autoregressive Integrated Moving Average with Exogenous Variables
(ARIMAX) Model

The Autoregressive Integrated Moving Average with Exogenous Variables
(ARIMAX) model is an extension of the ARIMA model that incorporates one or
more additional time series as exogenous variables. The ARIMAX(p, d, q¢) model
extends ARIMA(p, d, q) by adding the linear effects of exogenous variables on the
response series that has been made stationary. By taking these external factors into
account, the model can improve the completeness and accuracy of the forecasts
(Somyanonthanakul et al., 2022). Using the backshift operator B, the
ARIMAX(p, d, q) model is expressed as follows (Novianda, 2025):

k
by BYA =B, =+ ) @i, +6,(B)z (2.8)

where:
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Y; = data at time period t
¢,(B)  =AR parameter of order p
6,(B) = MA parameter of order g
(1 — B)? = d-th order differencing

U = intercept

a; = coefficient of the i-th exogenous variable
Xi¢ = the i-th exogenous variable at time t

& = error term at time t.

2.10 Parameter Estimation

There are several methods that can be used to estimate the parameters of time series
models, including the Method of Moments, Maximum Likelihood Estimation
(MLE), and Ordinary Least Squares (OLS) (Wei, 2006). In this study, the method

selected for parameter estimation is MLE.

As an example, the ARMA(p, @) model is given as follows (Shumway & Stoffer,
2017):

Yi=u+dYea+ -tV pter—0161— = 0464

with e,~iid N(0, a2).

For the general ARMA(p, ) model, let the parameter vector be:
B = (b1 ) Pp 01, .., 0,) .

For the general ARMA model, the likelihood is more conveniently expressed in
terms of innovations, namely the one-step-ahead prediction error, defined as Y; —

t—1
i,
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The likelihood function can be written as the product of conditional distributions:

L(,B»O'z) = Hf(ytlyt—L s Y1),
t=1

The conditional distribution is Gaussian with mean Y;!~* and variance P! = o2r,.

Thus, the likelihood function can be expressed as:

n

L(B,0%) = (2ma*)™"/? Hn(ﬁ)‘”zexp [—

t=1

SB)
202

where

-
S(’”‘; O

Based on the obtained likelihood function, the log-likelihood function can be
expressed as follows:

InL(8,0%) = ~ T In(@m) ~ 21n(6?) 3 > Inr(8) — o
t=1

By differentiating the log-likelihood with respect to o2 and setting it equal to zero,
the following result is obtained:
dnL  n S(B)

- + = 0.
do? 202  20%

Multiplying both sides by 2¢4:

—no? + S(B) = 0.
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Thus, the maximum likelihood estimator for the error variance is obtained as:

o

;2 5
===

Substituting this estimator back into the log-likelihood yields the concentrated
likelihood:

£(8) = Inln~'S(B)] + 07t Y tn(B),
t=1

The estimate f3 is obtained by minimizing the function £(8) with respect to . In
general, numerical optimization procedures are used to obtain the estimator and its
standard error. One commonly used procedure is the Newton-Raphson algorithm,

which is iterated until convergence is achieved.

2.11 Parameter Significance Test

The parameters in a time series model that have been estimated need to be tested
for significance to determine whether they have a significant effect within the
model. If a parameter is not significant, it is considered not to provide a meaningful
contribution to the constructed model. The hypotheses for the parameter
significance test are as follows (Montgomery et al., 2015).
1. Hypotheses:

e H,: B; = 0 (the model parameter coefficients are not significant).

e H,:B; # 0 (the model parameter coefficients are significant).
2. Significance level:

a =5% = 0.05.
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3. Test statistic:

—~

_ B
t= —
Se(B.)
where:
t = test statistic value
B, = estimated coefficient of the i-th parameter

Se(B,) = standard error of f,.
4. Decision rule:
e Reject Hy if |tcqicuateal > tajzn—p OF if the p — value < a.
e Fail to reject Hy if [tcqicuateal < tajzn-p OF if the p — value > a.

5. Decision.

6. Conclusion.

2.12 Residual Diagnostics

Residuals in a time series model are defined as the differences between the actual
observed values and the values estimated by the model. Residual analysis is used
to evaluate whether the model has adequately captured the patterns present in the
data (Rifai & Zhahirulhaq, 2024). One of the important assumptions in time series
analysis is that the residuals follow a white noise process, meaning that they are
uncorrelated, have a mean equal to zero, and have constant variance (Panjaitan et
al., 2018). The white noise property can be tested using the Ljung-Box statistic,
with the following procedure (Ljung & Box, 1978).
1. Hypotheses:

e Hy:py = py, =+ = p, = 0 (the residuals are white noise).

e H,:Atleastone p;, # 0 (the residuals are not white noise).
2. Significance level:

a = 5% = 0.05.
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3. Test statistic:

m ﬁz
Q=n(n+2)z k
n—k
k=1

where:
n = number of observations
pr = autocorrelation at lag k
m = number of lags.
4. Decision rule:
o Reject Hy if Q > xGn—pq) OF if the p — value < a.
e Fail to reject Hy if Q < xp—,—q) OF if the p — value > a.
5. Decision.

6. Conclusion.

2.13 Model Evaluation

In this study, the selection of the best model is based on the Akaike Information
Criterion (AIC), while forecasting performance is evaluated using the Mean
Absolute Percentage Error (MAPE). The formulas for AIC and MAPE are
presented as follows:
1. Akaike Information Criterion (AIC)
The Akaike Information Criterion (AIC) is used to compare several competing
models. The AIC value is calculated using the following formula (Othman et al.,
2025):

AIC = 2k — 2In(L)

where:
k = number of parameters estimated in the model

L = maximum likelihood of the model.



28

In model selection, the model with the smallest AIC value is chosen as the best
model among the candidate models that adequately fit the data (Hyndman &
Khandakar, 2008).

. Mean Absolute Percentage Error (MAPE)

The Mean Absolute Percentage Error (MAPE) is a percentage-based metric that
measures the average absolute percentage difference between the predicted
values and the actual values. This metric is used to evaluate forecasting accuracy
based on the observed actual values (Kolambe & Arora, 2024). The formula for
MAPE is given as follows (Makridakis et al., 1983):

n

1 Yt - ?t
MAPE = —Z X 100%
n t
t=1
where:
n = total number of observations
Y, = actual value at time t
Y,  =forecasted value at time t.

The criteria for interpreting MAPE values are presented in Table 1 (Erdianto,
2023):

Table 1. MAPE value interpretation

MAPE Value | Forecast Accuracy Interpretation

<10% High forecasting accuracy

10% - 20% | Good forecasting accuracy

20% - 50% | Acceptable forecasting accuracy

> 50% Poor forecasting accuracy
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2.14 Rupiah Exchange Rate against the United States Dollar

The exchange rate is the price of one currency in terms of another currency. The
exchange rate may fluctuate in the form of depreciation or appreciation (Daleno et
al., 2023). The exchange rate plays a crucial role in supporting international
transaction activities. In addition, it is often used as one of the indicators to assess

a country's economic condition (Sutandi et al., 2021).

In the global economy, the international exchange rate standard is still
predominantly dominated by the United States currency, namely the United States
dollar, which also serves as the primary currency used by Indonesia in most
international transactions (Manihuruk et al., 2023). In studies conducted by Carissa
& Khoirudin (2020) and Manihuruk et al. (2023), the exchange rate of the
Indonesian rupiah against the United States dollar was analyzed by considering
several macroeconomic factors, namely money supply, interest rates, inflation,

exports, and imports.

According to Bank Indonesia (n.d.), the money supply is divided into two, namely
in a narrow sense (M1) and in a broad sense (M2). M1 includes currency held by
the public and demand deposits (rupiah denominated current accounts), while M2
includes M1, quasi money such as savings, time deposits in rupiah and foreign
currency, as well as foreign currency demand deposits, and securities issued by the
monetary system held by the domestic private sector with a remaining maturity of

up to one year.

The interest rate (Bl Rate) is the policy rate set by Bank Indonesia as a benchmark
for financial institutions in determining the interest rates offered to customers,

including lending and deposit rates (Bank Indonesia, n.d.).
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Inflation is a condition characterized by a general and continuous increase in the
prices of goods and services over a certain period of time. Price increases that occur
only in one or two types of goods cannot be classified as inflation, unless such
increases are widespread and lead to price increases in other goods (Bank Indonesia,
n.d.).

Exports refer to the activity of sending goods and services from within a country to
abroad, whether for commercial or non-commercial purposes, including goods
processed abroad and then brought back into the country legally. Meanwhile,
imports refer to the activity of bringing goods and services from abroad into a
country carried out by the residents of that country, which results in the outflow of

foreign currency (Kementerian Perdagangan Republik Indonesia, n.d.).



I11. RESEARCH METHODOLOGY

3.1 Place and Time for Research

This study was conducted during the even semester of the 2025/2026 academic year
at the Department of Mathematics, Faculty of Mathematics and Natural Sciences,

University of Lampung.

3.2 Data for Research

The data used in this study are secondary data in the form of monthly time series
data covering the period from January 2012 to December 2024, resulting in a total
of 156 observations. These data were obtained from Badan Pusat Statistik (BPS),
Bank Indonesia (Bl), and Satu Data Perdagangan Kementerian Perdagangan

Republik Indonesia. Table 2 presents the variables used in this study.

Table 2. Research variables

Variable Description Unit Source
) https://satudata.kemendag.go.id/data-
Rupiah-USD ) )
Y IDR/USD | informasi/perdagangan-dalam-

exchange rate o
negeri/nilai-tukar

https://www.bps.go.id/id/statistics-
Money supply o
X; M2) Billion IDR | table/2/MTIzlzl=/uang-beredar--

milyar-rupiah-.html
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Variable Description Unit Source
%, Interest rate (Bl % https://www.bps.go.id/id/statistics-
rate) table/2/Mzc5Izl=/bi-rate.html
) https://www.bi.go.id/id/statistik/indik

X3 Inflation % ) )
ator/data-inflasi.aspx
https://satudata.kemendag.go.id/data-

X, Export Million USD | informasi/perdagangan-luar-
negeri/ekspor-impor
https://satudata.kemendag.go.id/data-

Xs Import Million USD | informasi/perdagangan-luar-

negeri/ekspor-impor

3.3 Research Method

In this study, the rupiah exchange rate against the United States dollar is forecast

using the ARIMAX model. Prior to model estimation, Principal Component

Analysis is applied to the exogenous variables to address multicollinearity. All

stages of the analysis are conducted computationally using RStudio software. The

steps undertaken in this study are as follows:

1)
2)

3)
4)

5)

6)

Conducting descriptive analysis of the research variables.

Examining the presence of multicollinearity among the exogenous variables
using the VIF test.

Applying PCA to the exogenous variables.

Constructing a new dataset based on the principal components obtained from
PCA.

Testing the stationarity of the dependent variable, using the Box-Cox test to
examine variance stationarity and the ADF test to assess stationarity in the
mean.

Estimating the ARIMAX model using the newly constructed dataset derived
from the principal components as exogenous variables. Model identification is

conducted using the analysis of ACF and PACF plots.
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7) Determining the best model based on the AIC and MAPE values.

8) Conducting diagnostic tests on the residuals of the selected model using the
Ljung-Box test.

9) Forecasting the rupiah exchange rate against the United States dollar for the
period January 2025 to December 2025.

10) Interpreting the research results.
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Figure 5 illustrates the research flowchart for forecasting the rupiah exchange rate
against the United States dollar using PCA and the ARIMAX model.
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Interpretation of Results

Figure 5. Research Flowchart




V. CONCLUSION

5.1 Conclusions

Based on the results and discussion presented in the previous chapters, the

following conclusions are drawn.

1.

Principal Component Analysis was employed to address multicollinearity
among the exogenous variables, yielding two principal components that explain
85.55% of the total variance.
The ARIMAX model that is most appropriate for forecasting the rupiah
exchange rate against the United States dollar is the ARIMAX(0,1,2), with the
model equation expressed as follows:
(1 — B)In(Y,) = 0.004 — 0.00881Z, , + 0.016683Z,, + 0.018115Z;,
—0.0005Z,; + 0.002865Z5, + (1 — 0.1674B — 0.1879B%)¢,
The forecasting results of the rupiah exchange rate against the United States
dollar using the ARIMAX(0,1,2) model for the period January to December
2025 show a mean value of IDR 16320.1 per USD, with a minimum forecast
value of IDR 15820.37 per USD and a maximum forecast value of IDR 16734.54
per USD.
The comparison between the forecasted values and the actual values for the
period January to December 2025 indicates that the ARIMAX(0,1,2) model is
able to follow the exchange rate movement pattern well, with relatively small
forecasting errors (APE), ranging from 0.15546% to 3.716329%. Overall, the
MAPE of 1.263363% indicates that the model has a high level of forecasting
accuracy for the period.
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5.2 Recommendations

Future research is recommended to expand and vary the exogenous variables, both
from domestic and external factors, in order to enrich the information used in the
modeling process and potentially improve forecasting performance. An initial
analysis of the relationship between the dependent variable and the predictors may
also be conducted prior to the application of PCA and ARIMAX modeling to obtain
an understanding of the direction and strength of the relationships among variables.
In this study, PCA was primarily employed to address multicollinearity among the
exogenous variables. In addition to the PCA approach, alternative methods such as
Ridge Regression, Lasso Regression, or Partial Least Squares (PLS) may be
considered to handle multicollinearity and their performance may be compared with
PCA.

Furthermore, the data used in this study still exhibit extreme values (outliers) in
both the dependent and exogenous variables. Therefore, future research may
consider the use of more robust approaches, such as Robust Principal Component
Analysis (Robust PCA) and Robust ARIMAX models, to ensure that the modeling

results are more resistant to the influence of outliers and yield more stable estimates.

Stationarity testing in this study was focused on the dependent variable. Future
research may consider examining the time series characteristics of the exogenous

variables to obtain more comprehensive results.
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