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ABSTRACT: Forecasting non-oil and gas exports is essential for supporting economic
planning and trade policy in Indonesia, as this sector represents the largest contributor to
the country's export earnings. The dynamic nature of export values, influenced by changes
in global demand, commodity prices, and macroeconomic conditions, necessitates an
accurate forecasting approach. This study aims to develop an Autoregressive Integrated
Moving Average (ARIMA) model for forecasting Indonesia's monthly non-oil and gas
export values. Monthly export data from January 2012 to December 2024 were obtained
from Statistics Indonesia (BPS). The dataset was divided into a training set (January 2012—
August 2023) and a testing set (September 2023—December 2024). The modeling
procedure included stationarity testing, parameter identification using the autocorrelation
function (ACF) and partial autocorrelation function (PACF), parameter estimation, residual

diagnostic checking, and model validation. Based on the Akaike Information Criterion
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(AIC), parameter significance, and diagnostic tests, the ARIMA (0,1,1) model was selected
as the best forecasting model. The model produced a Mean Absolute Percentage Error
(MAPE) of 7.0187% for the training data and 6.0948% for the testing data, indicating
highly accurate forecasting performance. The relatively consistent MAPE values between
the training and testing datasets demonstrate that the selected ARIMA model generalizes
well to unseen data. Therefore, the ARIMA (0,1,1) model can be considered an effective
statistical approach for short-term forecasting of Indonesia's non-oil and gas exports and

may provide useful information for economic planning and export policy formulation.
Keywords: ARIMA; time series forecasting; non-oil and gas exports; Indonesia; MAPE.

1. INTRODUCTION
1.1 Background

Globalization has strengthened interdependence among countries, particularly in the
economic sector through international trade activities. International trade provides
opportunities for countries to expand market access, enhance product competitiveness, and
stimulate national economic growth (Imannulloh & Rijal 2022). One of the most important
indicators of international trade performance is exports. An increase in exports contributes
to foreign exchange earnings, creates employment opportunities, expands production
capacity, and supports the growth of a country's Gross Domestic Product (GDP) (Krugman
et al. 2018).

Indonesia is endowed with abundant natural resources across various sectors, including
agriculture, plantations, forestry, fisheries, mining, and manufacturing. These resources
have positioned exports as one of the primary drivers of the national economy. Indonesian
export commodities are broadly classified into two major categories: oil and gas exports
and non-oil and gas exports. Since the late 1980s, Indonesia's export structure has
undergone a substantial transformation due to the declining contribution of the oil and gas
sector and the increasing role of non-oil and gas commodities. To date, non-oil and gas
exports have become the largest contributor to Indonesia's total export value (Kurniawati &

Islami 2022).

Despite their significant contribution, Indonesia's non-oil and gas export values exhibit

considerable fluctuations over time. Variations in global demand, international commodity
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prices, exchange rates, geopolitical conditions, and international trade policies have caused
export values to display unstable patterns. These fluctuations create uncertainty for both
policymakers and business stakeholders in formulating trade, investment, and production
strategies. Consequently, an appropriate forecasting method is required to effectively
capture the historical behavior of export data and produce accurate predictions of future

non-oil and gas export values.

Time series forecasting is one of the most widely applied statistical approaches for
predicting future observations based on historical data patterns. Among the various
forecasting techniques, the Autoregressive Integrated Moving Average (ARIMA) model,
developed by George E. P. Box and Gwilym M. Jenkins, has become one of the most
extensively used methods in time series analysis. The ARIMA model exploits the
relationships between current observations, past observations, and previous random errors,
enabling it to effectively capture the autocorrelation structure inherent in time series data
(Box et al. 2016). Furthermore, ARIMA has been recognized as an effective approach for
short-term forecasting, particularly when the underlying time series satisfies the

stationarity assumption (Hyndman & Athanasopoulos 2021).

The ARIMA model has been successfully applied in numerous disciplines, including
economics, finance, healthcare, energy, and international trade. According to Hyndman and
Athanasopoulos (2021), ARIMA is considered one of the standard methods in time series
analysis because of its strong theoretical foundation and robust forecasting performance
across a wide range of economic datasets. Similarly, Jabnabillah et al. (2024) demonstrated
that ARIMA provides reliable short-term forecasts for several fisheries commodities.
Munarsih and Saluza (2020) further reported that ARIMA achieved lower forecasting
errors than the exponential smoothing method in forecasting dengue hemorrhagic fever
cases in Palembang City. These findings suggest that ARIMA is an appropriate and reliable

approach for forecasting economic as well as other time series data.

One of the principal strengths of the ARIMA model lies in its ability to systematically
model autocorrelation through the integration of autoregressive (AR), differencing (I), and
moving average (MA) components. In addition, the Box—Jenkins modeling procedure—
which involves model identification using the autocorrelation function (ACF) and partial

autocorrelation function (PACF), parameter estimation, and residual diagnostic checking—
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facilitates the selection of a model that appropriately represents the characteristics of the
observed data (Box et al. 2016). Consequently, ARIMA remains one of the most widely
adopted statistical approaches in both academic research and practical economic

forecasting.

Based on the foregoing discussion, this study aims to apply the ARIMA method to forecast
Indonesia's non-oil and gas export values. The resulting forecasting model is expected to
produce accurate short-term predictions that can serve as valuable information for
policymakers and business stakeholders in formulating trade policies and economic

planning strategies.
1.2 Objectives

The objective of this study is to apply the Autoregressive Integrated Moving Average
(ARIMA) method to identify the most appropriate forecasting model for Indonesia’s non-
oil and gas export values and to generate forecasts for future export values over several

upcoming periods.
1.3 Scope of the Study

This study is limited to univariate time series modeling using the Autoregressive Integrated
Moving Average (ARIMA) method. The analysis utilizes historical monthly data on
Indonesia's non-oil and gas export values without incorporating any exogenous
explanatory variables. The analytical procedure consists of stationarity testing, model order
identification using the autocorrelation function (ACF) and partial autocorrelation function
(PACF), parameter estimation, residual diagnostic checking, model selection based on
information criteria and forecasting error measures, and the generation of forecasts for

Indonesia's non-oil and gas export values.

2. Data and Methods
2.1 Data

This study employed historical data on Indonesia's non-oil and gas export values obtained
from the official One Data Portal of the Ministry of Trade of the Republic of Indonesia

(https://satudata.kemendag.go.id). The dataset consists of monthly time series observations
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spanning January 2012 to December 2024, with export values expressed in millions of U.S.

dollars (USS$).
2.2 Analytical Procedure

The analytical procedure was carried out using the R programming language in RStudio

and Python in Google Colab. The analysis consisted of the following steps:

1. Monthly non-oil and gas export data for Indonesia were downloaded from the Ministry
of Trade database for each year and subsequently combined into a single continuous

time series covering the period from January 2012 to December 2024.

2. An exploratory data analysis was conducted to examine the temporal pattern and

characteristics of Indonesia's non-oil and gas export values.

3. The dataset was partitioned into training and testing datasets for model development
and forecasting evaluation. The proportion of training and testing data was determined

based on the characteristics observed during the exploratory analysis.

4. An Autoregressive Integrated Moving Average (ARIMA) model was developed to

forecast Indonesia's non-oil and gas export values.

The Autoregressive Integrated Moving Average (ARIMA) model is one of the most widely
used statistical methods for time series forecasting based on historical observations. As a
univariate forecasting model, ARIMA has been extensively applied in economics, finance,
climatology, and numerous other disciplines in which future observations depend primarily
on historical patterns. The model was originally developed by George E. P. Box and
Gwilym M. Jenkins and is therefore commonly referred to as the Box—Jenkins model.
ARIMA combines the autoregressive (AR) and moving average (MA) components with a
differencing procedure to transform the original series into a stationary process prior to

model estimation (Shahraki 2019, cited in Hidayat & Mustawinar 2022).

The Box—Jenkins methodology encompasses several time series models, including the
autoregressive (AR), moving average (MA), autoregressive moving average (ARMA), and
autoregressive integrated moving average (ARIMA) models. The modeling procedure

requires the time series to be stationary, exhibit a linear relationship, and have residuals
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that satisfy the white-noise assumption, namely independence, zero mean, constant
variance, and normality, in order to produce reliable forecasts (Desi et al. 2022).
Mathematically, an ARIMA model is denoted as ARIMA (p, d, q), where prepresents the

autoregressive order, ddenotes the order of differencing, and grepresents the moving

average order (Cryer & Chan 2008). The general form of the ARIMA model is given by
(Montgomery et al. 2015):

¢p(B)(1 — B)?Y; = 0,(B)e; (30)
where
¢p(B) =1 —¢B— ¢p,B* —---— ¢, BP,
6,(B) =1—6,B — 6,B% — .- — 6,81

The notation is defined as follows:
e Y;: observation at time t;
e ¢, autoregressive coefficient of order p;
e 8, moving average coefficient of order q;
e g random error at time t;
e B: backshift operator;

e (1 — B)“: differencing operator, where ddenotes the order of differencing.

The Box—Jenkins modeling procedure adopted in this study consists of the following

stages.
a. Stationarity Assessment

Stationarity refers to the stability of the statistical properties of a time series, particularly
its mean and variance, over time. A time series is considered strictly stationary if its
statistical properties remain unchanged under time translation (Montgomery et al. 2015).
Graphically, a stationary series fluctuates around a constant mean with approximately

constant variance.

Stationarity should be examined with respect to both the mean and the variance.
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Stationarity in the Mean

Stationarity in the mean was assessed using time series plots, the autocorrelation function
(ACF), and the Augmented Dickey—Fuller (ADF) unit root test. A slowly decaying ACF
(i.e., tails off slowly) indicates that the series is non-stationary in the mean. According to
Faulina et al. (2024), the alternative hypothesis of the ADF test states that the time series is

stationary or does not contain a unit root.

If stationarity in the mean was not achieved, differencing was applied. The first-order

differencing operator is defined as follows (Montgomery et al. 2015):

Zi=QA-B)Y, =V =¥ -V,

where Vdenotes the differencing operator. More generally,

Zt - (1 _B)dYt = det'

where drepresents the differencing order required to achieve stationarity.

Stationarity in the Variance

Stationarity in the variance was evaluated using both the time series plot and the Box—Cox

transformation plot. If the value of A = 1falls within the 95% confidence interval of the

Box—Cox plot, the variance is considered stable. Otherwise, a variance-stabilizing

transformation should be applied.

When the assumption of homoscedasticity is violated, the Box—Cox transformation, a
member of the power transformation family, can be employed to stabilize the variance
(Box & Cox 1964). The Box—Cox transformation is defined as
yt—1
Y — VI A =0,
In(¥), 4A=0.

where
o Yis the original observation;
o Y@Wis the transformed observation; and

o Ais the transformation parameter.
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The parameter Ais generally estimated using the maximum likelihood method, and the

optimal value is selected by maximizing the profile log-likelihood. In practice, the

estimated value is often rounded to a nearby convenient value, such as —2, —1, —0.5, 0,
0.5, 1, or 2, to facilitate interpretation and implementation. Accordingly, the appropriate

box—cox transformation can be selected by choosing the value closest to the optimal

Aestimated from the profile likelihood, as summarized in Table 1.

Table 1. Box—Cox transformations (adapted from Box & Cox 1964; Cryer & Chan 2008)

A Transformation Transformation Name
-2 Y2 =1/Y Reciprocal square
—1 Y ! =1/Y Reciprocal
—0,5 Yy 05 = |NY Reciprocal square root
0 In (Y) Natural logarithm
0.5 Y Square root
1 Y No transformation
2 Y? Square transformation

b. Model Identification

The identification of candidate ARIMA models was performed by examining the
autocorrelation function (ACF), partial autocorrelation function (PACF), and extended
autocorrelation function (EACF) plots. The ACF and PACF plots generally exhibit two
characteristic patterns, namely tails off (gradual decay) and cuts off (abrupt truncation). An
MA (gq) model is characterized by an ACF that cuts off after lag g, whereas an AR(p)
model is characterized by a PACF that cuts off after lag p. When both the ACF and PACF
display gradually decaying patterns, the underlying process may be represented by an
ARMA (p, q) model. The general identification rules for AR, MA, and ARMA models are

summarized in Table 2 (Cryer & Chan 2008).

Table 2. Identification of AR (p), MA (gq), and ARMA (p, ) models (Cryer & Chan 2008)

Model IACF IPACF |
AR(p) Tails off Cuts off after lag p
MA(q) Cuts off after lag g ||Tails off
ARMA(p, q),

®.9) Tails off Tails off
p=>0,g=>0
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When an ARMA model is indicated, further identification was performed using the
Extended Autocorrelation Function (EACF). The appropriate model order was determined
by locating the characteristic zero-triangle pattern, in which the upper-left corner

corresponds to the ARMA order.
c. Parameter Estimation

The parameters of the ARIMA model were estimated using the maximum likelihood

estimation (MLE) method.
d. Model Diagnostic Checking

The adequacy of the fitted ARIMA model was evaluated by examining parameter
significance and conducting residual diagnostic tests. A satisfactory ARIMA model should
have statistically significant parameters and residuals that satisfy the assumptions of white
noise and normality (Aswi & Sukarna 2006, cited in Muhammad et al. 2023). Accordingly,
diagnostic checking included tests for residual independence, homoscedasticity, and

normality.
Residual Independence

Residual independence (i.e., the absence of autocorrelation) was evaluated using the
Ljung—Box test. The null hypothesis states that the residuals are independently distributed
(white noise), whereas the alternative hypothesis states that residual autocorrelation exists.
The null hypothesis is rejected when the Ljung—Box statistic exceeds the critical value

xZ k-p—qOF When the p-value is less than the 5% significance level.

The Ljung-Box test statistic is given by (Wei 2006; Fadhilah et al. 2024):

K

72
Q:n(n+2)Zn—k' (33)

k=1

or equivalently,

)y L
Q=nn+2) n—1 n-—2 n—K)/
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where
e (Q=Ljung-Box test statistic;
e 1= number of observations;
e K= maximum lag considered in the test;
e k=lagorder (k =1,2,..,K),
e 7= residual autocorrelation coefficient at lag k.

Under the null hypothesis of independently distributed residuals, the test statistic

approximately follows a chi-square distribution with

df=K—p—q,
where pand gdenote the autoregressive and moving average orders of the ARIMA model,

respectively. The null hypothesis is rejected when

2
Q > Xa.!(—p—q'

or equivalently, when the corresponding p-value is less than the significance level a.

Residual Homoscedasticity

Residual homoscedasticity was assessed using the Autoregressive Conditional
Heteroskedasticity Lagrange Multiplier (ARCH—-LM) test. The null hypothesis states that
the residuals do not exhibit ARCH effects (homoscedasticity), whereas the alternative

hypothesis states that ARCH effects are present.
The ARCH-LM test statistic is defined as (Ding 2007, cited in Nurhidayati et al. 2024):

LM = nR?,

where

¢ nis the number of observations; and

e RZs the coefficient of determination obtained from the auxiliary regression.
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The test statistic follows a chi-square distribution with degrees of freedom equal to the

ARCH order (p). The null hypothesis is rejected when

LM = ;{'g.p,

or when the p-value is less than 0.05.
Residual Normality

Residual normality was first evaluated graphically using a quantile—quantile (Q—Q) plot.
Residuals are considered approximately normally distributed when the plotted points

closely follow the 45° reference line.

A formal assessment of normality was then conducted using the Kolmogorov—Smirnov
(K-S) test, in which the null hypothesis states that the residuals follow a normal

distribution.

The Kolmogorov—Smirnov test statistic is expressed as (Kolmogorov 1933, cited in

Fadliani et al. 2021):

D, =sup | E,(x) — F(x) |, (35)

where

D,is the Kolmogorov—Smirnov test statistic;

supdenotes the supremum (maximum absolute difference);

E, (x)is the empirical cumulative distribution function (ECDF) of the residuals; and

F (x)is the theoretical cumulative distribution function of the normal distribution.

The null hypothesis is rejected when

D]": = D[n.a],

or when the corresponding p-value is less than 0.05.
e. Overfitting Procedure

An overfitting procedure was conducted by adding one additional AR or MA term to the
tentative model in order to determine whether a more complex model provided a

significantly better fit (Cryer & Chan 2008).

Page 11 of 33 DOI: 10.5281/zeno0do.22093010


https://zenodo.org/uploads/22093010

f. Selection of the Best ARIMA Model

The optimal ARIMA model was selected based on the statistical significance of its
parameters and the minimum Akaike Information Criterion (AIC) value. The AIC provides
a balance between model goodness-of-fit and model complexity. According to Akaike

(1974, cited in Montgomery et al. 2015), the AIC is calculated as

n 2
e
AIC = nln (#) + 2k, (36)

where

e AIC= Akaike Information Criterion;

e e;=residual at time t;

. ) :z , €¢= Sum of Squared Errors (SSE);
e 1= number of observations; and

k= number of estimated model parameters.

The model with the lowest AIC value was selected as the optimal forecasting model
because it provides the best trade-off between model fit and complexity. If an overfitted
model yielded a lower AIC than the initial tentative model, the model was re-evaluated
through residual diagnostic tests—including independence, homoscedasticity, and
normality—to ensure that all ARIMA assumptions were satisfied before the model was

used for forecasting.

3. Results and Discussion

3.1 Data Exploration

Data exploration was conducted to understand the patterns and characteristics of the time
series employed in this study. The analyzed data consist of Indonesia's non-oil and gas
export values obtained from the official Satu Data portal of the Ministry of Trade of the
Republic of Indonesia. The dataset comprises 156 monthly observations spanning from

January 2012 to December 2024. All observations were complete, with no missing value;

Page 12 of 33 DOI: 10.5281/zeno0do.22093010


https://zenodo.org/uploads/22093010

therefore, no imputation procedure was required. The exploratory analysis began by
constructing a time series plot, where the x-axis represents the observation period and the

y-axis represents Indonesia's non-oil and gas export values (in million US dollars).
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Figure 1. Time series plot of Indonesia's non-oil and gas export values, January 2012—December 2024.

Based on the time series plot presented in Figure 1, Indonesia's non-oil and gas exports
exhibit considerable fluctuations while maintaining an overall upward trend. During 2012—
2013, export values remained relatively stable at approximately US$12,600 million. The
lowest value during this period occurred in August 2013, reaching US$10,363.19 million.
Subsequently, exports declined gradually until reaching the minimum value of the entire
observation period, namely US$8,650.86 million in July 2016. Thereafter, export values
increased steadily and reached a local peak during the third quarter of 2018, particularly in
July 2018, before gradually declining from September 2018 until early 2020. In mid-2020,
exports experienced a sharp decline in May 2020, followed by a substantial upward trend.
This recovery continued until exports reached the highest value of the study period,
amounting to US$26,265.83 million in August 2022. Subsequently, export values declined
during the first quarter of 2023 before stabilizing and exhibiting a moderate upward trend
through December 2024.

Indonesia's non-oil and gas exports experienced a substantial decline in 2020, followed by
a remarkable recovery in 2021. This decline was largely attributable to the COVID-19

pandemic, which triggered a global economic crisis and severely disrupted international
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trade due to the implementation of lockdown measures in many countries (Oraby, 2021, as
cited in Prayoga et al., 2022). The pandemic reduced consumer purchasing power, created
financial difficulties for businesses, increased unemployment, and slowed production and
distribution activities. Nevertheless, many enterprises, particularly micro, small, and
medium-sized enterprises (MSMESs), adapted by adopting digital marketing strategies and
online sales platforms (Chaerani et al., 2020). The pandemic also caused contractions
across all components of Indonesia's Gross Domestic Product (GDP), placing the national
economy under considerable pressure. Entering 2021, the relaxation of public health
restrictions, increased vaccination coverage, and economic stimulus programs facilitated
the recovery of global industries, thereby increasing international demand for exports. In
response, the Indonesian government implemented fiscal and monetary measures,
including tax incentives and reductions in interest rates, to accelerate economic recovery

and restore investor confidence (Rahmawati & Apriliasari, 2021; Gading et al., 2022).

Monthly Non-0il and Gas Exports of Indonesia (2020-2024)

Export Value (Million USD)

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Month

Figure 2. Seasonal plot of Indonesia's non-oil and gas export values.

The seasonal plot shown in Figure 2 indicates that fluctuations in Indonesia's non-oil and
gas exports tend to recur during specific months in several years. For example, export
values generally increase during March, July, and August. However, this seasonal pattern is
not consistently observed across all years and appears to be influenced by external factors

such as global economic conditions and fluctuations in international commodity prices.
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Time Series Decomposition of Monthly Non-Oil and Gas Exports of Indonesia (2012-2024)
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Figure 3. STL decomposition of Indonesia's non-oil and gas export values.

The STL (Seasonal and Trend decomposition using Loess) decomposition results presented
in Figure 3 indicate that the trend strength of the series is 0.92, whereas the seasonal
strength 1s only 0.12. These values were calculated using Equations (1) and (2). Trend

strength (Fy) or seasonal strength (Fs;) values approaching one indicate the presence of

strong trend or seasonal components, whereas values approaching zero indicate weak
components. In this study, the high trend strength suggests that most of the variability in
the data is explained by the trend component, while the seasonal component contributes

only marginally to the overall variation.

Visually, the trend component exhibits gradual and persistent changes that represent the
long-term movement of Indonesia's non-oil and gas exports. In contrast, the seasonal
component displays recurring annual fluctuations of relatively small magnitude. The gray
boxes located on the right side of each panel indicate the numerical scale of the
corresponding component. It should be noted that the small gray box in the trend panel is
equivalent in scale to the larger box in the seasonal panel. Consequently, seemingly minor
changes in the trend panel may correspond to substantial changes in the original data.
Therefore, the size of these boxes should not be interpreted as representing the relative
contribution of each component to the data variance; rather, they merely indicate the

numerical scale used for visualization.
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These findings suggest that forecasting models that do not explicitly incorporate seasonal
components remain appropriate for this dataset. Such an approach is consistent with the
underlying data structure, which is predominantly driven by the trend component, and
aligns with the principle of parsimony by favoring a simpler model that adequately
captures the underlying dynamics. A parsimonious model not only simplifies the modeling
process but also enhances computational efficiency and facilitates clearer interpretation of

forecasting results.

Actual and Forecasted Monthly Non-Oil and Gas Exports of Indonesia (2012-2024)
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Figure 4. Training and testing data partition for Indonesia's non-oil and gas export values.

The dataset was subsequently divided into training and testing subsets using a 90:10 ratio.
Data partitions of 70:30, 80:20, and 90:10 are commonly adopted in time series
forecasting, depending on the characteristics of the data and the objectives of the modeling
process. In this study, the 90:10 partition was selected to preserve the continuity of the

temporal pattern within the training data.

Using alternative partitions, such as 80:20 or 70:30, would place the splitting point within a
period when the upward trend was still evolving, potentially disrupting the continuity of
the historical pattern required for effective model training. Accordingly, the data were
divided at August 2023, resulting in a training set consisting of 140 monthly observations
from January 2012 to August 2023 and a testing set comprising 16 monthly observations
from September 2023 to December 2024. The training testing partition is illustrated in
Figure 4.
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3.2 ARIMA Model

ARIMA modeling begins with an assessment of data stationarity. If the series is non-
stationary in the mean, differencing is required, whereas non-stationarity in the variance
can be addressed using the Box—Cox transformation. An initial exploratory assessment of
stationarity can be performed by visually examining the time series plot. Based on the
exploratory analysis presented previously, the data exhibit both an upward trend and
considerable fluctuations, indicating that the series is non-stationary in both the mean and
the variance. This is evidenced by observations that do not fluctuate consistently around a
constant mean over time and by non-uniform variability throughout the series. These
findings were further confirmed through the autocorrelation function (ACF) plot and the
Augmented Dickey—Fuller (ADF) test for stationarity in the mean, as well as the Box—Cox

plot for assessing stationarity in the variance.

0 |
o
w
Q-
Lo <
QO o
<
N
o
Q
o
N
Q | |
5 10 15 20
Lag

Figure 5. ACF plot of Indonesia's non-oil and gas export values.

As shown in Figure 5, the ACF exhibits a slow decaying (tails-off) pattern, indicating that
the series is non-stationary in the mean. In addition to the graphical assessment, a formal
stationarity test was conducted using the ADF test. The null hypothesis of the ADF test
states that the series is non-stationary in the mean (i.e., contains a unit root), whereas the
alternative hypothesis states that the series is stationary (i.e., does not contain a unit root).
The ADF test produced a p-value of 0.6262, which exceeds the 5% significance level.
Therefore, the null hypothesis cannot be rejected, indicating that Indonesia's non-oil and

gas export series is non-stationary in the mean.
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Figure 6. Box—Cox plot of Indonesia 's non-oil and gas export values.
The data were also found to be non-stationary in the variance, as indicated by the Box—Cox
plot shown in Figure 6. The optimal Box—Cox transformation parameter was estimated as
A=-1.19, with a 95% confidence interval ranging from -1.75 to -0.65. Since this interval
does not include the value of one, the variance of the series cannot be considered stable,

indicating that the data are also non-stationary in the variance.

To address these issues, a Box—Cox transformation with A=-1, corresponding to the
reciprocal transformation (1/Y), was applied to stabilize the variance. In addition, first-
order differencing was performed to achieve stationarity in the mean. The results of these
procedures are presented in Figure 7, demonstrating that the transformed series satisfies the
stationarity assumption. This conclusion is supported by the fact that the 95% Box—Cox
confidence interval includes the value of one after transformation, while the ADF test
yields a p-value of less than 0.01, which is below the 5% significance level. Consequently,
the null hypothesis is rejected, confirming that the transformed series is stationary in both
the mean and the variance. Furthermore, the ACF plot no longer exhibits the characteristic
slowly decaying pattern, consistent with the ADF test results.
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Figure 7. (a) Box—Cox plot and (b) ACF plot after Box—Cox transformation and first-order

differencing.
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The transformed and difference series is presented in Figure 8. The observations fluctuate
around a relatively constant meaning with approximately homogeneous variance, and no
discernible trend is apparent, indicating that the stationarity assumption has been

successfully achieved.

Time Series Plot of Indonesia’s Non-0il and Gas Export Values
after Box-Cox Transformation and First-Order Differencing
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Figure 8. Time series plot of Indonesia's non-oil and gas export values from January 2012 to
August 2023 after Box—Cox transformation and first-order differencing.

Once stationarity had been established, tentative ARIMA models were identified by
examining the ACF and partial autocorrelation function (PACF) plots. As illustrated in
Figure 9(a), the ACF exhibits a cut-off at lag 1, suggesting a moving average order of g=1,
thereby indicating the candidate model ARIMA (0,1,1). Meanwhile, the PACF shown in
Figure 9(b) cuts off at lag 3, suggesting an autoregressive order of p=3, which corresponds

to the candidate model ARIMA (3,1,0).
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Figure 9. (a) ACF plot and (b) PACEF plot of Indonesia's non-oil and gas export values.
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Tentative ARIMA models were also identified using the Extended Autocorrelation
Function (EACF), as presented in Figure 10. The EACF facilitates the identification of
appropriate combinations of autoregressive and moving average orders. Based on the
EACF results, four candidate models were identified: ARIMA (0,1,1), ARIMA (0,1,2),
ARIMA (1,1,2), and ARIMA (2,1,2).

AR/MA
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Figure 10. EACF plot of Indonesia's non-oil and gas export values.

The parameter estimates for the tentative ARIMA models are summarized in Table 3. The
optimal model was selected based on two criteria: (1) all estimated parameters must be
statistically significant, and (2) the model must have the lowest Akaike Information
Criterion (AIC) among the candidate models. According to these criteria, ARIMA (0,1,1)
was identified as the most appropriate model because all of its parameters were statistically

significant and it achieved the smallest AIC value.

Table 3. Parameter estimates for the tentative ARIMA models

Model Parameter | Coefficient | p-value AIC
ARIMA (0,1,1) | MA (1) 0.6115 | 0.0000* | -2907.76
ARIMA (0,1,2) | MA (1) 0.6865 | 0.0000* | -2907.58
MA (2) -0.1069 | 0.1749

ARIMA (1,1,2) | AR (1) -0.8924 | 0.0000* | -2906.66
MA (1) -0.2426 | 0.0752
MA (2) 0.4799 | 0.0000*

ARIMA (2,1,2) | AR (1) -0.9692 | 0.0000* | -2904.87
AR (2) -0.0632 | 0.6491
MA (1) -0.2982 | 0.0834
MA (2) 0.4619 | 0.0000*

ARIMA (3,1,0) | AR (1) -0.6707 | 0.0000* | -2905.77
AR (2) -0.3288 | 0.0007*
AR (3) -0.1791 | 0.0308*

Significant at the 5% significance level.
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Following parameter estimation, the ARIMA (0,1,1) model was identified as the best
tentative model. Subsequently, diagnostic tests were performed to evaluate whether the
model residuals were randomly distributed, exhibited constant variance, and followed a
normal distribution. An initial exploratory assessment of residual normality was conducted
using the quantile—quantile (Q—Q) plot presented in Figure 11. The plot indicates that the
residual points deviate from the 45° reference line, suggesting a violation of the normality

assumption for the residuals of the ARIMA (0,1,1) model.

Normal Q-Q Plot of the Residuals from the ARIMA(0,1,1) Model
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Figure 11. Normal Q—Q plot of the residuals from the ARIMA(0,1,1) model.

This observation was further confirmed through a formal Kolmogorov—Smirnov (K-S)
test. The null hypothesis states that the residuals follow a normal distribution, whereas the
alternative hypothesis states that they do not. The K-S test yielded a p-value of < 2.2 X
107'¢, which is well below the 5% significance level. Therefore, the null hypothesis was
rejected, indicating that the model residuals are not normally distributed. Although the
normality assumption was violated, Bowerman et al. (2017), as cited in Yuliyanti and
Arliani (2022), argued that for sufficiently large sample sizes, statistical inference remains
valid because the sampling distribution is approximately normal regardless of the residual

distribution.

The homoscedasticity assumption was subsequently examined using the ARCH-LM test.
The null hypothesis states that no heteroscedasticity is present, whereas the alternative
hypothesis indicates the presence of heteroscedasticity. For the ARIMA(0,1,1) model, all
p-values across the examined lags exceeded the 5% significance level. Consequently, the

null hypothesis could not be rejected, indicating that the residual variance is homogeneous.
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Residual independence was assessed using the Ljung—Box test, whose null hypothesis
states that the residuals are independently distributed and free from autocorrelation. At lag
1, the Ljung—Box test produced a p-value of 0.3044, exceeding the 5% significance level,
indicating that the null hypothesis could not be rejected and that the residuals were
independent. However, from lag 12 onward, significant autocorrelation was detected,

implying that the assumption of residual independence was only partially satisfied.

To identify the most appropriate forecasting model, an overfitting procedure was
performed on the selected tentative ARIMA model. Overfitting was conducted by
increasing the autoregressive (AR) and moving average (MA) orders by one. Since the
selected ARIMA (0,1,1) model generated two possible overfitted models, namely ARIMA
(1,1,1) and ARIMA (0,1,2), and ARIMA (0,1,2) had already been evaluated during the
tentative model selection stage, only ARIMA (1,1,1) required additional parameter

estimation.

The overfitting results are presented in Table 4 and indicate that the ARIMA (1,1,1) model
contains statistically insignificant parameters. Consequently, ARIMA (0,1,1) remained the
preferred model because all of its parameters were statistically significant and it produced
the lowest Akaike Information Criterion (AIC). The final ARIMA (0,1,1) model for

Indonesia's non-oil and gas export values can be expressed as follows:

(1-B)Z; = (1—-6,B)e; (47)
Zt — BZt =& — EIBEt (48)
Zt _Zt—l - Et - D.61158t_1 (49)

Zt = Zt—l + Et — D.6115¢‘3t_1,

where
Zt :l-zt—l =5 - (50)
Y Yeq
Table 4. Comparison of overfitted ARIMA models.
Model Parameter | Coefficient p-value AIC
ARIMA(1,1,1) AR(1) -0,1740 0,1676 -2907,61

MA(1) 0,5112 0,0000*

Significant at the 5% significance level.
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The ARIMA (0,1,1) model was selected to represent Indonesia's non-oil and gas export
series because it successfully captured most of the short-term dynamics in the data.
Nevertheless, the model was not entirely adequate, as residual autocorrelation remained,
suggesting that certain underlying patterns were not fully explained. This observation
indicated the possible presence of seasonal behavior that could not be captured by the non-
seasonal ARIMA model. Therefore, an alternative modeling approach incorporating
seasonal components was subsequently investigated using the Seasonal Autoregressive

Integrated Moving Average (SARIMA) model.

The Seasonal Autoregressive Integrated Moving Average (SARIMA) model extends
ARIMA by explicitly incorporating seasonal autoregressive and moving average

components. A SARIMA model is denoted as ARIMA (p,d,q)(P,D,Q);, where
(p’ d» q)represent the non-seasonal autoregressive (AR), differencing, and moving average
(MA) orders, respectively, whereas (P> D Q )denote the corresponding seasonal orders. The
parameter srepresents the seasonal period. The general SARIMA model can be expressed

as follows (Montgomery et al., 2015):
¢ (B)Pp(B*)(1 — B)* (1 — B*)°Y; = 64(B)O(B*)«:. (51)

where

o ¢p(B)=(1—¢,B—¢,B°——¢,BP),

e 6,(8)=(1—6,B—6,B%—-—§,B9),
o ®p(B°)=(1—-DB°—-— {DPBPS),
L] BQ(BS):(1_@185_'”_'3@8@5),

o Y; is the observation at time t,

e Bdenotes the backshift operator,

e s is the seasonal period,

e (1 — B)%is the non-seasonal differencing operator,
e (1 — B®)Pis the seasonal differencing operator, and

e &is the random error term.
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SARIMA modeling also begins by ensuring stationarity of the time series. Since the data

set consists of monthly observations, the seasonal period was specified as s = 12,

corresponding to an annual cycle. Variance stationarity was achieved using the Box—Cox

transformation with 4 = —1, while first-order non-seasonal differencing was applied to

achieve stationarity in the mean. Because no evidence of seasonal non-stationarity was
observed, seasonal differencing was unnecessary and the seasonal differencing order was

set to D = 0. Consequently, the preprocessing procedure for the SARIMA model was
essentially identical to that employed for the ARIMA model.

The SARIMA model orders were identified using the ACF and PACF plots together with

the auto. Arima procedure. The non-seasonal orders pand g were determined from the
overall lag structure in the ACF and PACF plots, whereas the seasonal orders Pand Qwere

identified from the seasonal lags (12, 24, 36, and so forth).

As illustrated in Figure 12, the PACF exhibits a cut-off at lag 3, indicating a non-seasonal

autoregressive order of p = 3, whereas the ACF cuts off at lag 1, indicating a moving
average order of g = 1. Since first-order non-seasonal differencing had already been

applied, the corresponding non-seasonal candidate models were ARIMA (3,1,0) and

ARIMA (0,1,1).
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Figure 12. (a) ACF plot and (b) PACF plot for SARIMA model identification.
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For the seasonal component with s = 12, the PACF cuts off at the first seasonal lag (lag
12), indicating a seasonal autoregressive order of P = 1. Meanwhile, the ACF cuts off at
the third seasonal lag (lag 36), indicating a seasonal moving average order of ¢ = 3. Since
seasonal differencing was unnecessary (D = 0), the seasonal candidate models were
ARIMA(1,0,0),, and ARIMA(0,0,3),,. Parameter estimates for the tentative SARIMA

models are presented in Table 5.

Table 5. Parameter estimates of the tentative SARIMA models.

Model Parameter Coefficient | p-value | AIC
ARIMA(0,1,1)(0,0,1)12 MA(1) 0,5968 | 0,0000* | -2925,18

SMA(1) -0,3587 | 0,0000*
ARIMA(0,1,1)(0,0,3)12 MA(1) 0,5652 | 0,0000* | -2925,07

SMA(T) -0,4160 | 0,0000*

SMA(2) -0,0648 | 0,4871

SMAQ3) 0,1429 | 0,1123
ARIMA(3,1,0)(1,0,0)12 AR(1) -0,6591 | 0,0000* | -2924,24

AR(2) -0,2649 | 0,0078*

AR(3) -0,1322 | 0,1181

SAR(T) 0,3693 | 0,0000*
ARIMA(3,1,1)(1,0,1)12 AR(1) -0,4898 | 0,3666 | -2921.,44

AR(2) -0,1739 | 0,6249

AR(3) -0,1179 | 0,3981

MA(1) 0,1725 | 0,7526

SAR(1) 0,1831 | 0,3463

SMA(1) -0,2162 | 0,2515
ARIMA(1,1,1)(0,0,1)12 AR(1) -0,2172 | 0,0963 | -2925,81

MA(1) 0,4629 | 0,0000*

SMA(T) -0,3650 | 0,0000*
ARIMA(3,1,0)(0,0,1)12 AR(1) -0,6691 | 0,0000* | -2924,42

AR(2) -0,3025 | 0,0020*

AR(3) -0,1650 | 0,0483*

SMA(I) -0,3688 | 0,0000*

Significant at the 5% significance level.
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Following parameter estimation, two SARIMA models satisfied the model selection

criteria: ARIMA (0,1,1)(0,0,1);> and ARIMA (3,1,0)(0,0,1);>. These models were

subsequently evaluated through diagnostic tests to assess residual normality,

homoscedasticity, and independence. The results are summarized in Tables 6 and 7.

Table 6. Diagnostic Test Results for the ARIMA (0,1,1)(0, 0, 1)1 Model

Assumption Formal Test p-value Result

Normality Kolmogorov—Smirnov Test | <2.2 x 107'6 Violated

Homoscedasticity ARCH-LM Test Several lags < o | Violated

Residual Independence | Ljung—Box Test 0.266 Satisfied*
* Satisfied partially.

According to Table 6, the Kolmogorov—Smirnov test indicates that the residuals are not
normally distributed, as evidenced by the extremely small p-value. Likewise, the ARCH—
LM test detected heteroscedasticity because several lags produced p-values below the 5%
significance level. The Ljung—Box test indicates that residual independence was only
partially satisfied, with significant autocorrelation observed between lags 35 and 109

before disappearing at subsequent lags.

Table 7. Diagnostic test results for ARIMA (3,1,0) (0,0,1)12.

Assumption Formal Test p-value Result
Normality Kolmogorov—Smirnov Test | <2.2 x 107'¢ | Violated
Homoscedasticity ARCH-LM Test All lags > a | Satisfied
Residual Independence | Ljung—Box Test 0.8827 | Satisfied*

* Partially satisfied

As shown in Table 7, the Kolmogorov—Smirnov test again indicates non-normal residuals.
However, unlike the previous model, the ARCH-LM test confirms homoscedasticity, as all
lag-specific p-values exceed the 5% significance level. The Ljung—Box test also indicates

partial residual independence, with autocorrelation detected only between lags 35 and 102.

Among the seasonal models considered, ARIMA (3,1,0)0,0,1),, exhibited superior
diagnostic performance compared with ARIMA (0,1,1) (0,0,1);5, which violated both the
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homoscedasticity and residual independence assumptions. Nevertheless, when compared
with the simpler non-seasonal ARIMA (0,1,1) model, both models still exhibited residual
autocorrelation. This finding suggests that external factors not included in the current
univariate framework may influence Indonesia's non-oil and gas export values. Because the
scope of this study is limited to univariate time series modeling, exogenous variables were
intentionally excluded. Therefore, considering both model parsimony and computational
efficiency, the ARIMA (0,1,1) model was ultimately selected as the final forecasting model

for Indonesia's non-oil and gas export values.
3.3. Model Validation

Model validation was conducted to evaluate the forecasting performance of the ARIMA
(0,1,1) model in predicting Indonesia's non-oil export values. The evaluation was
performed using both visual and analytical approaches. Visually, the forecasted values
were compared with the observed values using time series plots. The closer the forecasted
values were to the observed data pattern, the better the model's ability to capture the
underlying dynamics of the series. Analytically, forecast performance was assessed using
the Mean Absolute Percentage Error (MAPE), which measures the magnitude of

forecasting errors. A lower MAPE value indicates higher forecasting accuracy.

Actual and ARIMA Forecast of Monthly Non-Oil and Gas Exports of Indonesia (2012-2025)
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Figure 13. Actual and ARIMA forecast of monthly non-oil and Gas Export of Indonesia (2012-2015)
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Figure 13 presents the forecasting results of the ARIMA (0,1,1) model for the training data.
The figure shows that the model closely follows the observed pattern of Indonesia's non-oil
export values. The fluctuations in export values from January 2012 to August 2023 are
generally well represented, although slight deviations are observed during periods of
abrupt changes. Overall, the model successfully captures the underlying trend and

historical movement of the data, indicating that it is suitable for forecasting purposes.

The analytical evaluation showed that the ARIMA (0,1,1) model achieved a MAPE of
7.0187% for the training data. According to the forecasting accuracy criteria proposed by
Lewis (1982), a MAPE value below 10% indicates highly accurate forecasting. This result
suggests that the ARIMA (0,1,1) model provides estimates that closely approximate the

observed values during the training period.

The model was subsequently validated using 16 observations from the testing dataset,
covering the period from September 2023 to December 2024, to evaluate its forecasting
performance on unseen data. Validation was performed using a one-step-ahead forecasting
approach, in which the model generated a forecast for one period ahead, after which the
corresponding observed value was incorporated into the model before forecasting the next
period. This approach was selected because it closely reflects real-world forecasting
scenarios, where new observations become available sequentially over time. The
comparison between the forecasted and observed values for the testing data is presented in

Figure 13.

Figure 13 illustrates the forecasting performance of the ARIMA (0,1,1) model on the
testing dataset. Visually, the forecasts continue to follow the overall pattern of the observed
data, although the model does not fully capture several sudden fluctuations in export
values. Nevertheless, the forecasts remain generally consistent with the actual
observations, demonstrating that the model possesses good generalization capability when

applied to out-of-sample data.

The evaluation of the testing data yielded a MAPE of 6.0948%, which is also below the
10% threshold for highly accurate forecasting. This finding indicates that the ARIMA
(0,1,1) model maintains excellent forecasting performance when applied to new data.

Moreover, the testing MAPE is comparable to the training MAPE (7.0187%), suggesting
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that the model does not exhibit overfitting and is able to preserve its predictive

performance on previously unseen observations.

Overall, the evaluation results obtained from both the training and testing datasets
demonstrate that the ARIMA (0,1,1) model provides consistent forecasting performance for
Indonesia's non-oil export values. The MAPE values of 7.0187% for the training data and
6.0948% for the testing data indicate that the model achieves a high level of forecasting
accuracy. Therefore, the ARIMA (0,1,1) model can be considered an appropriate and

reliable model for short-term forecasting of Indonesia's non-oil export values.

Table 8. Mean Absolute Percentage Error (MAPE) of the ARIMA (0,1,1) Model

Dataset MAPE (%) Category
Training data 7.0187 | Highly accurate
Testing data 6.0948 | Highly accurate

4. Conclusion

This study successfully applied the ARIMA method to forecast Indonesia's monthly non-oil
and gas export values. Based on the Box—Jenkins modeling procedure, ARIMA (0,1,1) was
identified as the most appropriate model after satisfying the requirements of stationarity,

parameter significance, and residual diagnostic tests.

The forecast performance evaluation showed that the ARIMA (0,1,1) model achieved a
MAPE of 7.0187% for the training dataset and 6.0948% for the testing dataset. Both values
are below 10%, indicating that the model provides highly accurate forecasts. Furthermore,
the similarity between the training and testing errors suggests that the model is stable and

does not exhibit substantial overfitting.

Overall, the ARIMA (0,1,1) model effectively captures the temporal pattern of Indonesia's
non-oil and gas export values and provides reliable short-term forecasts. The forecasting
results can support policymakers and stakeholders in planning export strategies, evaluating
trade performance, and anticipating future fluctuations in export values. Future research
may improve forecasting accuracy by incorporating external explanatory variables through
ARIMAX or SARIMAX models, or by comparing ARIMA with more advanced machine

learning and deep learning approaches.
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