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Abstract

The price of Indonesian crude oil (ICP) is highly volatile due to fluctuations in global
demand, energy policies, and geopolitical tensions, making accurate forecasting challeng-
ing. This study compares three forecasting models: ARIMA, Random Forest, and Hybrid
ARIMA–Random Forest. The models are evaluated using Time-Series Cross-Validation
(TSCV) with MAPE, sMAPE, and RMSE as performance metrics. The results indicate that
the Hybrid ARIMA–Random Forest model achieves the lowest MAPE and sMAPE, while
Random Forest attains the lowest RMSE, and ARIMA exhibits the highest forecast errors.
Diebold–Mariano (DM) tests confirm that ARIMA’s predictive accuracy is significantly lower
than both machine-learning-based models, whereas no significant difference is found between
Random Forest and the hybrid model. Out-of-sample forecasts for January–June 2026 show
relatively stable price movements within 59–63 USD per barrel, with short-term fluctuations
reflected in wide prediction intervals. These findings suggest that Indonesian crude oil prices
contain both linear and non-linear components, which are effectively captured by the hybrid
approach. Overall, the Hybrid ARIMA–Random Forest model provides the most accurate
forecasts in percentage-based metrics, offering a robust and reliable tool for policymakers,
investors, and market participants navigating volatile oil markets.
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1. Introduction
The availability and utilization of energy are crucial in achieving sustainable development [1].
Energy resources are fundamental components that support life and serve as important factors of
production in economic activities. Among the various types of energy resources, oil, natural gas,
and coal are the most commonly utilized sources of energy [2]. The growing global energy demand,
driven by industrial development in the 20th century, shifted energy use from biomass to fossil
fuels such as coal, oil, and natural gas. The global energy transition that began with the shift from
biomass to fossil fuels during the Industrial Revolution is moving towards renewable energy (RE)
and emission reductions through increased RE utilization, reduced fossil fuel consumption, and
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the adoption of electric vehicles. Although future energy policies prioritize enhancing renewable
energy use, projections indicate that fossil fuels, particularly oil and natural gas, will continue
to dominate the energy mix for a specific period. Indonesia’s primary energy mix projections
indicate that oil and natural gas will still play a significant role in meeting national energy
demands. The Business as Usual scenario forecasts that the share of oil and natural gas in the
total energy demand will reach 49% in 2025 and 39% in 2050, respectively. Meanwhile, the
Current Policy scenario forecasts similar figures, at 45% and 44% [3].

Fig. 1: Final Energy Consumption by Type (Million BOE).

On the energy demand side, final energy consumption increased by 6.29%, equivalent to 1,220
million barrels of oil equivalent (BOE). This increase indicates that energy consumption in 2023
reached its highest point in the last six years, signalling rapid growth in energy demand (HEESI,
2023). Fig. 1 shows that oil fuel dominates energy consumption (39.7%), followed by coal (25.5%)
and electricity (15.6%). Other energy sources such as gas (9.7%), LPG (5.9%), industrial biomass
(1.6%), and traditional biomass (1.3%) contribute smaller shares. The contribution of other
energy sources remains minimal compared to primary sources. The 39.7% share of oil fuel in
total energy consumption reflects Indonesia’s high dependency on oil-based energy sources [4].
This dependence makes Indonesia vulnerable to fluctuations in global crude oil prices, as crude
oil prices are one of the macroeconomic variables that significantly influence the economy.

The international crude oil price applied in Indonesia is the Indonesian Crude Oil Price (ICP),
which serves as the base price for crude oil used in calculating and formulating the State Budget
(APBN). The ICP represents the average price of Indonesian crude oil in the international market
[5]. Global oil prices, which tend to be volatile, highly influence the selling price of Indonesian oil
in the international market, known as the ICP. ICP directly correlates with Indonesia’s energy
export revenues, particularly crude oil. When the ICP increases, Indonesia can generate higher
revenue from oil exports. However, at the same time, domestic energy prices, which depend on
oil, also rise, affecting production costs and domestic energy consumption [6]. Changes in crude
oil prices can significantly impact economic and social development, stability, and even national
security in a country [7]. Fluctuations in crude oil prices indicate global economic prospects,
currency exchange rate dynamics, and inflation rates. Despite technological advancements, such
as electric vehicles and renewable energy sources, reducing dependence on fossil fuels, oil’s role
as a strategic commodity remains highly relevant in both the global and Indonesian economies
[8]. Therefore, it is crucial to design scientific methods to accurately forecast crude oil price
movements, helping mitigate the risks of extreme fluctuations in the crude oil market [9].

Previous studies have applied various methods to forecast crude oil prices. Some studies used
traditional time series models, such as ARIMA [10] and ARIMAX [11]. Although these models
effectively handle linear patterns, difficulties arise when accommodating non-linear data patterns.
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[12] developed an ensemble model based on ARIMA to improve forecasting accuracy. Another
widely used method to capture non-linear data patterns is the Artificial Neural Network (ANN),
as seen in the research by [13] and [14], which used Radial Basis Function Neural Networks
(RBF NN). Additionally, studies have applied machine learning-based methods, such as Random
Forest (RF) [8] and Fuzzy Time Series (FTS) [15]. However, these studies predominantly focused
on using ANN and machine learning techniques separately, without leveraging the strengths of
traditional time series models like ARIMA. While ARIMA effectively captures linear components,
it is less optimal for non-linear relationships. Various studies have begun combining ARIMA
with machine learning algorithms to address this limitation. Researchers have developed ARIMA
models combined with Random Forest (RF) and Support Vector Machine (SVM) to handle
residuals from ARIMA containing non-linear patterns [16].

A study by [17] proposed a hybrid approach that combines the linear components of ARIMA
with non-linear models such as ANN or SVM to improve forecasting accuracy. This hybrid
model has proven to be more accurate in forecasting price movements that ARIMA alone cannot
explain. Recent research also shows that combining ARIMA with Random Forest and Gradient
Boosting can produce a more accurate model by leveraging the strengths of both approaches
better to capture both linear and non-linear patterns [18].

Although hybrid approaches have been increasingly adopted, limitations remain in the
evaluation design, particularly when dealing with small sample sizes. Splitting the data into
training and testing sets may substantially reduce the number of available observations, potentially
leading to less reliable parameter estimation and evaluation results. Therefore, a more appropriate
evaluation framework is required for time series data, such as time-series cross-validation with a
rolling window approach, which preserves the temporal dependency structure and provides more
stable and representative performance estimates [19].

Based on this background, the present study not only develops a hybrid ARIMA–Random
Forest model to capture both linear and non-linear patterns in crude oil price data, but also
implements a time-series cross-validation procedure during the evaluation process and conducts
systematic hyperparameter tuning of the Random Forest model to obtain an optimal configuration.
Furthermore, the performance of the hybrid model is compared with the individual ARIMA and
Random Forest models to determine the most accurate and reliable approach for forecasting
future crude oil prices.

2. Methods
This section describes the data, modelling framework, validation strategy, and evaluation criteria
used in this study. It begins with the data source and study period, followed by the ARIMA,
Random Forest, and Hybrid ARIMA–Random Forest models, as well as the time-series cross-
validation procedure and performance metrics employed to assess forecasting accuracy.

2.1. Data
This study is quantitative research that uses secondary time series data. The time series data
consists of the monthly average Indonesian crude oil (ICP) prices from August 2017 to December
2025 (USD/Barrel), with 101 observations. We obtained this monthly data from the official
website of the Ministry of Energy and Mineral Resources1.

2.2. Autoregressive Integrated Moving Average (ARIMA) Model
The Autoregressive Integrated Moving Average (ARIMA(p, d, q)) model, also known as the
Box–Jenkins model, is one of the classical approaches in time series analysis, first introduced
by Box and Jenkins in 1976. This model is an extension of the Autoregressive Moving Average
(ARMA(p, q)) model for non-stationary data, where differencing up to order d is applied to make

1https://migas.esdm.go.id/
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the data stationary in the mean. Thus, ARIMA(p, d, q) combines autoregressive (AR), moving
average (MA), and differencing components to handle time series data that exhibit trends or
non-stationarity patterns [20].

The differencing process for the first order is defined as:

∇Yt = Yt − Yt−1.

The Autoregressive Moving Average (ARMA(p, q)) becomes the ARIMA(p, d, q) when:

∇dYt = (1 − B)dYt,

where B is the backshift operator. In general, the ARIMA model can be expressed as:

ϕp(B)(1 − B)dYt = θq(B)et, (1)

where p is the order of autoregression, d is the order of differencing, and q is the order of the
moving average [21].

We consider a time series data Yt to be stationary if:

E(Yt) = E(Yt−k) = µ,

which means the expected value of Y remains constant over time;

Var(Yt) = Var(Yt−k) = σ2,

indicating that the variance of Y stays constant over time; and

Cov(Yt, Ys) = Cov(Yt−k, Ys−k),

which shows the covariance of Y for all time points t1, t2, . . . , tn and for every lag k. Data station-
arity is tested by analyzing the Augmented Dickey–Fuller (ADF) test results and considering the
lambda (λ) value from the Box–Cox transformation to assess the need for variance stabilization.
If the assumption of stationarity in variance is not satisfied, a variable transformation using the
Box–Cox transformation is applied. If the data violates the assumption of stationarity in the
mean, differencing is applied to correct this [22].

The steps to determine the ARIMA model for time series data are as follows:
1. Model Identification. Model identification involves procedures applied to the data

to identify an appropriate model for further investigation. At this stage, the goal is to
obtain initial values for p, d, and q required in the ARIMA model and to make preliminary
estimates for the parameters. We refer to the resulting model as a tentative model. This
model identification process can be performed by examining time series data plots, checking
ACF plots, checking PACF plots, and conducting formal tests to assess the stationarity of
the data.

2. Parameter Estimation. In the parameter estimation stage, we estimated the parameters
of the identified model using the maximum likelihood method. We apply this step to all
candidate models. Additionally, we compute the model selection criteria values. The model
with the smallest model selection criterion value determines the best model among all
candidate models.

3. Model Diagnostics. A model qualifies as suitable when its estimated values closely
align with the actual values, ensuring the residuals exhibit white noise properties, meaning
the residuals are independent, normally distributed with a mean of zero, and a constant
variance. To assess whether the residuals are normally distributed, we can employ the
Jarque–Bera test. Additionally, we can examine the residuals using residual plots, ACF
residual plots, the Q∗ statistic, or the Ljung–Box test [23]. The Ljung–Box test assesses
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the independence between lags of the residuals. The null hypothesis tested is that the
residuals are independent, while the alternative hypothesis is that the residuals are not
independent, with the Q∗ statistic defined as:

Q∗ = n(n + 2)
K∑

k=1

1
n − k

r2
k, (2)

where n is the number of residuals; rk is the ACF value at lag k; and K is the lag length.
The statistic Q∗ is then compared with the χ2 value at the degrees of freedom (K − p − q),
where p and q are the orders of the ARIMA model [23].

2.3. Random Forest
Random Forest is an ensemble learning method that combines multiple decision trees, each
built randomly. Unlike the single regression tree approach, which focuses on optimizing a single
predictive model, Random Forest aggregates multiple predictor models, each of which might be
suboptimal. Including randomness in constructing each tree allows for a broader exploration of
the model space, resulting in empirically superior prediction performance [24].

The general definition of Random Forest according to [25] is as follows: (ĥ(·, Θ1), . . . , ĥ(·, Θq))
represent a collection of tree predictors, with Θ1, . . . , Θq being i.i.d. random variables independent
of Ln. The aggregation process in a Random Forest combines the set of random trees to obtain
the Random Forest predictor ĥ. Fig. 2 illustrates this aggregation process.

Fig. 2: Random Forest Aggregation Process.

In Random Forest for regression, we calculate the prediction by finding the average prediction
from each regression tree, as shown in Eq. (3).

ĥ(x) = 1
q

q∑
l=1

ĥ(x, Θl), (3)

where q is the number of regression trees formed and ĥ(x, Θl) represents the prediction from the
l-th regression tree [8].

2.4. Hybrid ARIMA–Random Forest Model
According to [17], time series data consists of two main components: the linear autocorrelation
structure and the non-linear component. A hybrid model that combines linear and non-linear
components is used to capture both characteristics more accurately, as shown below:

Yt = Lt + Nt,

where Lt represents the linear component and Nt represents the non-linear component. We
estimate both components from the data. The data is then input into the first stage of the
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ARIMA model to capture the linear component, so the residuals from the linear model will
contain non-linear relationships.

If et represents the residual component at time t from the linear model, then:

et = Yt − L̂t,

where L̂t represents the forecast value for time t. Residuals play a crucial role in diagnosing
the adequacy of the linear model. We consider a linear model inadequate if it still contains a
linear correlation structure in the residuals. However, residual analysis cannot detect non-linear
patterns in the data. Currently, no general diagnostic statistic is available to identify non-linear
autocorrelation relationships. Therefore, even if the diagnostic tests pass, the model may still
not be fully adequate because it may not properly model non-linear relationships. Significant
non-linear patterns in the residuals indicate limitations in the ARIMA model [17].

The Random Forest (RF) model is used to model the non-linear component present in the
residuals of the ARIMA model. Using n input nodes, the Random Forest model for these residuals
can be expressed as:

etRF = fRF (et−1, et−2, . . . , et−n) + µRF ,

where fRF is the non-linear function determined by the Random Forest model, and µRF
t represents

the random error component. If we denote the forecast results from Random Forest as N̂RF
t , we

can express the combined forecast as follows [16]:

F̂tRF = L̂t + N̂tRF .

2.5. Time-Series Cross-Validation
Model evaluation in time series data requires special consideration due to the temporal dependence
among observations. Unlike cross-sectional data, time series observations follow a chronological
order and cannot be randomly permuted without violating the underlying dependency structure.
Therefore, conventional k-fold cross-validation with random data partitioning is not appropriate
for time series forecasting, as it may lead to data leakage, where future information is uninten-
tionally used during model training, resulting in overly optimistic performance estimates [26],
[27].

Time-Series Cross-Validation (TSCV) has been proposed as an alternative evaluation frame-
work that preserves the temporal ordering of the data. The fundamental principle of TSCV is that
the model is trained using past observations and validated on subsequent future observations. One
commonly used scheme is the rolling-origin evaluation (also known as walk-forward validation),
where the training set is progressively expanded (expanding window) or shifted forward with a
fixed size (sliding window). This approach allows model performance to be assessed at multiple
forecasting origins, providing more stable and representative error estimates compared to random
validation procedures [26].

From a theoretical perspective, TSCV aligns with the primary objective of forecasting,
namely predicting future values based solely on historical information. Empirical studies have
demonstrated that time-series cross-validation produces more reliable estimates of out-of-sample
forecasting accuracy and is particularly suitable for model selection and hyperparameter tuning
in both statistical and machine learning forecasting models [19], [27].

2.6. Model Evaluation Metrics
Mean Absolute Percentage Error (MAPE) represents the average percentage of the error ratio
between the observation at time t (Yt) and the predicted value at time t (Ŷt), expressed as the
following formula:

MAPE = 1
n

n∑
t=1

∣∣∣∣∣Yt − Ŷt

Yt
× 100

∣∣∣∣∣ ,
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The best model is selected based on the smallest MAPE value.
In addition to using MAPE as an accuracy indicator, model performance can also be evaluated

using the Root Mean Squared Error (RMSE) to provide an understanding of the absolute deviation
in its original units. RMSE quantifies the deviation of predicted values from actual values. The
formula to calculate RMSE is:

RMSE =
(

1
n

n∑
t=1

(Yt − Ŷt)2
)1/2

,

where Yt is the observed value at time t and Ŷt is the predicted value at time t. The smaller the
RMSE value, the better the resulting model [21].

To obtain a comprehensive evaluation of forecasting performance, this study employs several
widely used accuracy measures. Each metric captures different aspects of forecast errors,
allowing for a more robust comparison among competing models. Specifically, the evaluation
criteria include Mean Absolute Percentage Error (MAPE), Root Mean Squared Error (RMSE),
and Symmetric Mean Absolute Percentage Error (sMAPE). While MAPE expresses errors in
percentage terms and facilitates relative comparison, RMSE emphasizes larger deviations due to
the squaring process. Complementarily, sMAPE provides a symmetric percentage-based measure
of forecast accuracy, reducing scale dependency and mitigating bias toward large observations by
normalizing errors relative to both actual and predicted values.

Symmetric Mean Absolute Percentage Error (sMAPE) is a widely used metric for evaluating
forecast accuracy. It measures the relative magnitude of forecast errors by scaling the absolute
difference between observed and predicted values by their average. The sMAPE is defined as
follows:

sMAPE = 100%
n

n∑
i=1

|yi − ŷi|
(|yi| + |ŷi|) /2

where yi denotes the observed value, ŷi represents the forecasted value, and n is the total number
of observations [28].

2.7. Crude Oil Price
Crude oil is a naturally occurring hydrocarbon product that, under atmospheric pressure and
temperature conditions, exists in liquid or solid form, including asphalt, mineral wax, ozokerite,
and bitumen obtained through mining processes. However, it does not include coal or solid
hydrocarbon deposits obtained from activities unrelated to the oil and gas industry [29]. Crude
oil prices are at the core of the crude oil market, and forecasting these prices becomes a critical
factor in managing various industrial sectors worldwide [30]. As a result, this topic has become
one of the main focuses of financial research in the oil industry [9].

2.8. Data Analysis Procedures
The data in this study were processed using R programming language version 4.4.2. The analysis
steps performed were as follows:

1. Indonesian crude oil monthly average price data from August 2017 to December 2025 were
collected from the official source.

2. Data preprocessing was conducted, including checking for missing values, detecting outliers,
and transforming the data when necessary to ensure stationarity and suitability for time
series modelling.

3. Descriptive statistical analysis and graphical exploration were performed to identify trends,
variability, and general price patterns of Indonesian crude oil.

4. The dataset was partitioned into training and testing sets using an 80%–20% splitting
scheme. The first 80% of the observations (earliest period) were used to develop and
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estimate the forecasting models, while the remaining 20% (most recent period) were
reserved for out-of-sample evaluation.

5. The ARIMA model was identified using the Autocorrelation Function (ACF) and Par-
tial Autocorrelation Function (PACF) plots to determine the appropriate orders of the
autoregressive (AR) and moving average (MA) components. Several candidate ARIMA
models were then estimated and compared using a time-series cross-validation (TSCV)
approach with an expanding window scheme to select the best-performing specification.
The best ARIMA model was selected based on the smallest Root Mean Squared Error
(RMSE) obtained from the cross-validation procedure. Finally, diagnostic checking was
conducted to examine the adequacy of the selected model, including residual independence
and white-noise assumptions.

6. The Random Forest model was developed by first determining the input variables based on
the Partial Autocorrelation Function (PACF) analysis of the time series data. Significant
lags identified from the PACF were used as predictor variables. Subsequently, a time-series
cross-validation (TSCV) approach with an expanding window scheme was implemented to
evaluate model performance. Hyperparameter tuning was conducted using a grid search
procedure to obtain the optimal combination of parameters. The tuning process considered
different values of the number of variables randomly sampled at each split (mtry = 1, 2, 3)
and the number of trees (ntree = 200, 400, 600).
The best Random Forest model was selected based on the smallest Root Mean Squared
Error (RMSE) obtained from the cross-validation procedure.

7. A Hybrid ARIMA–Random Forest model was subsequently developed to capture both
linear and nonlinear patterns in the data. In the first stage, the selected ARIMA model
was fitted to model the linear structure of the series, and the residuals obtained from the
ARIMA model were extracted.
In the second stage, the Random Forest algorithm was applied to model the nonlinear
component contained in the ARIMA residuals using the selected lagged variables. Hyper-
parameter tuning was performed using grid search within a time-series cross-validation
(TSCV) framework with an expanding window scheme.
Finally, the hybrid forecasts were generated by combining the ARIMA forecasts (linear
component) with the Random Forest predictions of the residuals (nonlinear component).
This modelling framework follows the decomposition structure presented in Eq. (2.4),
where the observed series is assumed to consist of additive linear (Lt) and nonlinear (Nt)
components. The final hybrid forecast at time t is therefore obtained by summing the
estimated linear and nonlinear components.

8. To compare the forecasting performance of the ARIMA, Random Forest, and Hybrid
ARIMA–Random Forest models, forecasting accuracy was first evaluated using three
performance metrics: Root Mean Squared Error (RMSE), Symmetric Mean Absolute
Percentage Error (sMAPE), and Mean Absolute Percentage Error (MAPE). These measures
were computed to provide a comprehensive comparison of model performance, and the model
with the smallest error values was identified as the best-performing model. Furthermore, the
Diebold–Mariano (DM) test was applied to examine whether the differences in forecasting
accuracy between competing models were statistically significant.

9. The best-performing model, determined based on the smallest forecasting error values, was
selected to generate future forecasts of Indonesian crude oil prices.

The overall analytical procedures and methodological steps of this research are illustrated in
the flowchart presented in Fig. 3.
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Fig. 3: Research Flowchart of Data Analysis Procedures.
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3. Results and Discussion
This section presents the empirical findings of the study and discusses the performance of the
proposed forecasting models. It begins with a descriptive overview of the Indonesian crude oil
price data, followed by the modelling results, comparative evaluation, and forecasting outcomes.

3.1. Descriptive Statistics
Before conducting further analysis, an important first step is to understand the general charac-
teristics of the data through descriptive statistics analysis. Based on the descriptive statistics
results in Table 1, the Indonesian crude oil price (ICP) during the observation period had a
minimum value of USD 20.66 and a maximum value of USD 117.62, with an average of USD
69.18 and a standard deviation of 16.93. The very low minimum value occurred in early 2020,
when the COVID-19 pandemic caused a sharp decline in global energy demand due to restrictions
on industrial and transportation activities [31]. The global geopolitical conflicts, particularly
Russia’s invasion of Ukraine in 2022, most likely triggered the price spike, disrupting global
energy supplies and causing a drastic rise in oil prices [32].

Table 1: Statistic Summary of Indonesian Crude Oil Price

Min Max Mean Standard Deviation

Crude Oil Price (USD/Barrel) 20.66 117.62 69.18 16.93

This is supported by the ICP pattern presented in Fig. 4. The oil price data from 2017
to 2024 shows significant fluctuations. From 2017 to 2020, the price dropped drastically from
around USD 70 per barrel to USD 20 per barrel due to the COVID-19 pandemic. However, the
economic recovery post-pandemic and Russia’s invasion of Ukraine in 2022 pushed the price up
to USD 117.62 per barrel. By the end of 2023, the Indonesian crude oil price began to decrease,
continuing until it reached about USD 61.10 per barrel in December 2025.

Fig. 4: Plot Time Series of Crude Oil Price (USD/Barrel)

This highly fluctuating data pattern reflects the volatile nature of oil prices, which are
sensitive to global economic and political changes. The significant standard deviation indicates
that the price variation is relatively high over time. The volatile characteristics of the data make
studies related to forecasting crude oil prices highly relevant. This study further implemented
forecasting models adapted to non-linear dynamics to provide accurate predictions.
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3.2. ARIMA Model
The initial step in ARIMA modelling was to examine the data’s stationarity in terms of its mean
and variance. We presented the results of the variance stationarity test in Table 2 below.

Table 2: Stationarity Test in Variance

λ

Box–Cox Lambda 1.117374

Based on the estimation results, the value of λ = 1.117374 is close to 1, suggesting that no
transformation is needed for the crude oil price data because the variance is relatively stable.
Next, we performed the mean stationarity test using the Augmented Dickey–Fuller (ADF) Test
and presented the results in Table 3.

Table 3: Stationarity Test in Means

Data Dickey–Fuller Statistic P-value

Initial data -2.0063 0.5731
First-order differenced data -3.8117 0.02267

The results of the ADF test indicated that the original data were not stationary in terms
of their mean, as the p-value was greater than 0.05. Therefore, the first differencing (d = 1)
was performed, and the results showed that the data became stationary after differencing, as
indicated by a p-value less than 0.05. The first differencing (d = 1) successfully removed the
trend in the data, making it stationary and ready for ARIMA identification.

Fig. 5: ACF and PACF Plots

Fig. 5 displays the ACF and PACF plots after first differencing. Both the ACF and PACF show
a clear cut-off at lag 1, indicating that the series may follow an ARIMA model with autoregressive
and moving average components of order 1. This pattern suggests an initial specification of
ARIMA(1, 1, 1), where the differencing order is set to d = 1 to achieve stationarity.

To ensure that the selected model provides the best fit and to account for possible overfitting,
several alternative specifications were examined by allowing the maximum autoregressive and
moving average orders up to p = 2 and q = 2, respectively, while keeping d = 1. Conse-
quently, five candidate models were considered: ARIMA(1, 1, 1), ARIMA(1, 1, 0), ARIMA(0, 1, 1),
ARIMA(2, 1, 1), and ARIMA(1, 1, 2).

All candidate models were estimated and evaluated using a time-series cross-validation
(TSCV) procedure with an expanding window scheme. In this approach, the training window was
progressively expanded while generating one-step-ahead forecasts, and the forecasting errors were
computed at each iteration. The model with the smallest Root Mean Squared Error (RMSE)
obtained from the TSCV procedure was selected as the best-performing ARIMA specification.
The estimation results of the candidate models are presented in Table 4.

Yeni Rahkmawati 603



Comparison of ARIMA, Random Forest, and Hybrid ARIMA-Random Forest Models

Table 4: Parameter Estimates, Significance Tests, and TSCV RMSE of Candidate ARIMA Models

Model Parameter Estimate Std. Error z value P-value RMSE

ARIMA(1,1,1) ϕ1 -0.083542 0.307246 -0.2719 0.7857 6.934861
θ1 0.404279 0.279327 1.4473 0.1478

ARIMA(1,1,0) ϕ1 0.26670 0.10799 2.4698 0.01352* 6.831552
ARIMA(0,1,1) θ1 0.33225 0.10710 3.1022 0.001921* 6.850827
ARIMA(1,1,2) ϕ1 0.890261 0.092087 9.6676 < 2.2e-16* 7.127976

θ1 -0.605798 0.130772 -4.6325 3.613e-06*
θ2 -0.354066 0.105084 -3.3694 0.0007534*

ARIMA(2,1,1) ϕ1 0.58564 0.39200 1.4940 0.13518 7.044308
ϕ2 -0.28211 0.13202 -2.1368 0.03262*
θ2 -0.27698 0.40396 -0.6857 0.49292

* Significant at 5% level.

Based on the estimation results and the parameter significance tests presented in Table 4, it
can be observed that several candidate models have statistically significant parameters at the 5%
significance level. In particular, the ARIMA(1, 1, 0), ARIMA(0, 1, 1) and ARIMA(1, 1, 2) models
show significant coefficients, while the ARIMA(1, 1, 1) and ARIMA(2, 1, 1) models contain one or
more insignificant parameters (p-value > 0.05).

However, model selection was not determined solely based on parameter significance. All
candidate models were further evaluated using a time-series cross-validation (TSCV) procedure
with an expanding window scheme. Based on the smallest Root Mean Squared Error (RMSE)
obtained from the TSCV process, the ARIMA(1, 1, 0) model was selected as the best-performing
specification. This indicates that ARIMA(1, 1, 0) provides the most accurate out-of-sample
forecasting performance among the candidate models.

Therefore, ARIMA(1, 1, 0) was chosen for subsequent diagnostic checking and further analysis.
We conducted two main diagnostic tests on the residuals of the selected model, as presented
in Table 5: the Ljung–Box test to evaluate the presence of residual autocorrelation and the
Jarque–Bera test to assess the normality of the residuals.

Table 5: Model Diagnostic Test

Model P-value

Ljung–Box Test Jarque–Bera Test

ARIMA(1,1,0) 0.1298 0.05211

Based on Table 5, the ARIMA(1, 1, 0) model shows Ljung–Box and Jarque–Bera p-values of
0.1298 and 0.05211, respectively. Since both p-values are greater than the 5% significance level,
the residuals do not exhibit significant autocorrelation and can be considered approximately
normally distributed. These results indicate that the ARIMA(1, 1, 0) model satisfies the classical
diagnostic assumptions.

Therefore, based on the residual diagnostic tests, the ARIMA(1, 1, 0) model is considered
adequate and appropriate for forecasting purposes.

The ARIMA(1,1,0) model, derived from Eq. (1), can be written as follows:

Yt = (1 + ϕ1)Yt−1 − ϕ1Yt−2 + et,

Yt = 1.2667Yt−1 − 0.2667Yt−2 + et.

We evaluated the ARIMA(1,1,0) model using MAPE, sMAPE and RMSE to measure the
prediction accuracy, allowing for comparison with other models.
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3.3. Random Forest Model
We completed the ARIMA model identification in the previous stage, and the next step is to build
an alternative model using the Random Forest algorithm. Random Forest is an ensemble learning
method based on decision trees, capable of capturing non-linear patterns in time series data.
The main advantage of this algorithm lies in its ability to model complex relationships without
satisfying classical statistical assumptions such as linearity, normality, or homoscedasticity, which
are typically prerequisites in traditional parametric models.

Research by [8] proves that the Random Forest algorithm provides accurate forecasting results
for Indonesian crude oil prices. The modelling in this study began with an analysis of the Partial
Autocorrelation Function (PACF) to identify significant lags as input variables.

Fig. 6 presents the PACF plot of the Indonesian crude oil price data. Based on the significance
bounds shown in the figure, lag 1, lag 2, and lag 16 exceed the confidence limits, indicating that
these lags have a statistically significant partial autocorrelation with the current value. Therefore,
these three lags were selected as candidate input variables for the Random Forest model.

Fig. 6: PACF Plot of Indonesian Crude Oil Prices

Hyperparameter tuning of the Random Forest model was conducted using a grid search
approach within a time-series cross-validation (TSCV) framework with an expanding window
scheme. The tuning process evaluated different combinations of the number of variables randomly
selected at each split (mtry) and the number of trees (ntree). Specifically, mtry values of 1, 2,
and 3 were combined with ntree values of 200, 400, and 600, resulting in nine candidate model
specifications. Each combination was assessed using the Root Mean Squared Error (RMSE)
obtained from the TSCV procedure.

The complete tuning results are presented in Table 6.

Table 6: Random Forest Hyperparameter Tuning Results Based on TSCV

mtry ntree RMSE

1 200 7.166064
2 200 6.798245
3 200 7.140064
1 400 7.149043
2 400 6.878749
3 400 7.194258
1 600 7.111057
2 600 6.890961
3 600 7.164297

The results indicate that the smallest RMSE value was achieved when mtry = 2 and
ntree = 200, suggesting that selecting two predictor variables at each split provides the most
accurate forecasting performance. Although three lag variables were identified as significant
from the PACF analysis, the tuning results show that considering two predictors at each node
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(mtry = 2) yields better predictive accuracy than using only one predictor or all available
predictors. This finding implies that a moderate level of model complexity is sufficient to capture
the underlying non-linear dynamics of the series without introducing unnecessary variability.

The best-performing Random Forest model was subsequently evaluated on the test dataset to
assess its out-of-sample forecasting ability. The evaluation was conducted using MAPE, sMAPE,
and RMSE as performance metrics. These measures provide complementary information regarding
the model’s predictive accuracy, allowing a comprehensive comparison with the ARIMA model
developed in the previous stage.

3.4. Hybrid ARIMA–Random Forest Model
Based on the previous analysis, the best ARIMA model selected for the data was ARIMA(1,1,0).
After obtaining the optimal ARIMA specification, the residuals from this model were extracted
to capture the remaining non-linear patterns that could not be explained by the linear ARIMA
structure. These residuals were then modelled using the Random Forest algorithm to construct
the hybrid ARIMA–RF model.

Hyperparameter tuning for the Random Forest model on the ARIMA residuals was conducted
using a grid search approach within a time-series cross-validation (TSCV) framework employing
an expanding window scheme. This approach ensures that the temporal order of the data is
preserved during validation, preventing information leakage from future observations. The tuning
process evaluated combinations of the number of variables randomly selected at each split (mtry)
and the number of trees (ntree). Specifically, mtry values of 1, 2, and 3 were combined with
ntree values of 200, 400, and 600, resulting in nine candidate models. Each specification was
evaluated using the Root Mean Squared Error (RMSE) derived from the TSCV procedure.

The complete tuning results are presented in Table 7.

Table 7: Random Forest Hyperparameter Tuning on ARIMA Residuals Based on TSCV

mtry ntree RMSE

1 200 6.696967
2 200 5.909922
3 200 6.717310
1 400 6.968369
2 400 5.972090
3 400 6.965884
1 600 6.741416
2 600 6.193564
3 600 6.832245

The results indicate that the smallest RMSE value was achieved when mtry = 2 and
ntree = 200. This finding suggests that considering two predictors at each split provides better
predictive accuracy in modeling the non-linear structure present in the ARIMA residuals. The
result implies that a moderate model complexity is more effective than a very simple configuration
in capturing the remaining non-linear patterns after the linear ARIMA component has been
removed.

After selecting the optimal Random Forest model, the hybrid forecasting process was per-
formed by combining the linear forecasts obtained from the ARIMA(1,1,0) model with the
predicted residuals generated by the Random Forest model. Mathematically, the hybrid forecast
can be expressed as:

Ŷ Hybrid
t = Ŷ ARIMA

t + êRF
t ,

where Ŷ ARIMA
t represents the linear forecast from the ARIMA model and êRF

t denotes the
predicted residual from the Random Forest model.
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Finally, the performance of the hybrid ARIMA–RF model was evaluated on the test dataset
using MAPE, sMAPE, and RMSE. These evaluation metrics provide a comprehensive assessment
of forecasting accuracy and enable comparison with the single ARIMA and Random Forest
models.

3.5. Evaluation Model
We evaluated the model performance by comparing the prediction results from the ARIMA,
Random Forest, and Hybrid ARIMA–Random Forest models using three commonly used eval-
uation metrics in forecasting: Mean Absolute Percentage Error (MAPE), Symmetric Mean
Absolute Percentage Error (sMAPE), and Root Mean Squared Error (RMSE). MAPE measures
the average percentage error between the observed and predicted values, sMAPE measures the
average symmetric percentage error between the observed and predicted values, providing a
scale-independent evaluation of forecasting accuracy while reducing the bias toward large actual
values, and RMSE provides information on the dispersion of prediction errors with greater penalty
on large deviations. Table 8 presents the comparison results on the test dataset.

Table 8: Model Comparison on Test Data

Model sMAPE (%) MAPE (%) RMSE

ARIMA(1,1,0) 17.8535 20.1313 15.1343
Random Forest 5.3286 5.3948 4.4779***
Hybrid ARIMA–Random Forest 5.2200* 5.2621** 4.5476
* Smallest sMAPE, ** Smallest MAPE, *** Smallest RMSE.

Based on Table 8, the ARIMA(1,1,0) model produced substantially larger forecasting errors
(sMAPE = 17.85%, MAPE = 20.13%, RMSE = 15.13), indicating that the linear ARIMA
specification was insufficient to capture the underlying data dynamics.

In contrast, both machine learning-based models significantly improved predictive accuracy.
The Hybrid ARIMA–Random Forest model achieved the smallest percentage-based errors (sMAPE
= 5.22%, MAPE = 5.26%), while the Random Forest model yielded the lowest RMSE (4.48),
suggesting slightly better performance in minimizing large deviations.

Although the Hybrid model marginally outperformed in percentage-based measures, the
overall difference between the Hybrid and Random Forest models is small, indicating comparable
predictive capability. These findings suggest that the dominant structure of the series is primarily
non-linear, allowing the Random Forest model alone to effectively capture the underlying
dependencies without requiring additional linear decomposition.

To formally assess whether the observed differences in forecasting performance between the
competing models are statistically significant, the Diebold–Mariano (DM) test was employed.
This test evaluates the null hypothesis of equal predictive accuracy between two forecasting
models. The results of the pairwise comparisons are presented in Table 9.

Table 9: Diebold–Mariano Test Results for Forecast Accuracy Comparison

Model Comparison DM Statistic p-value

Random Forest vs Hybrid ARIMA–RF -0.0894 0.9297
ARIMA vs Hybrid ARIMA–RF 5.0276 0.0000645*
ARIMA vs Random Forest 5.2392 0.0000398*
* Significant at the 5% level.

The comparison between the Random Forest and Hybrid models yielded a p-value of 0.9297,
indicating no statistically significant difference in predictive accuracy between the two approaches.
In contrast, both the Random Forest and Hybrid models significantly outperformed the ARIMA
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model (p-value < 0.001). These results suggest that incorporating non-linear modelling techniques
provides a statistically significant improvement over the linear ARIMA framework.

Given that the Hybrid ARIMA–Random Forest model achieved the lowest percentage-based
error measures (sMAPE and MAPE) and performed comparably to the Random Forest model
in terms of RMSE, the Hybrid model was selected as the final forecasting model. Although
the Diebold–Mariano test indicates that the difference between the Hybrid and Random Forest
models is not statistically significant, the Hybrid model demonstrates slightly more consistent
performance across multiple evaluation metrics.

Subsequently, forecasts of Indonesian crude oil prices for the period January 2026 to June
2026 were generated using the Hybrid ARIMA–Random Forest approach. The comparable
performance between the Hybrid and Random Forest models suggests that non-linear modelling
plays a dominant role in capturing the data dynamics. However, the marginal improvement
observed in the Hybrid model indicates that incorporating the linear structure through ARIMA
decomposition may still provide complementary information. Hybrid models are particularly
advantageous when a time series contains both linear and non-linear components that interact in
a complex manner. In this case, the results suggest that while non-linear patterns are prominent,
the linear structure captured by ARIMA contributes additional refinement, leading to slightly
improved percentage-based forecasting accuracy. Therefore, the Hybrid ARIMA–Random Forest
model represents a balanced and robust forecasting approach for Indonesian crude oil prices.

3.6. Forecasting
The graph in Fig. 7 presents the forecasting results of Indonesian crude oil prices for the period
January to June 2026. The blue line represents the historical observations from August 2017 to
December 2025, while the red line shows the forecasts generated by the Hybrid ARIMA–Random
Forest model. The shaded area illustrates the 95% prediction interval, reflecting the uncertainty
associated with the forecasts.

Fig. 7: Forecasting Indonesian Crude Oil Prices (January–June 2026).

The last observed crude oil price in December 2025 was 61.10 USD per barrel. The forecast
indicates a moderate increase to 60.04 USD in January 2026, followed by a further rise to 61.65
USD in February. Prices are then projected to slightly decline to 60.42 USD in March and 59.50
USD in April. A notable increase is expected in May, reaching 63.17 USD, before stabilizing
at 61.11 USD in June 2026. Overall, the projected pattern suggests short-term fluctuations
rather than a strong upward or downward trend. The forecasts indicate relatively stable price
movements within the range of approximately 59 to 63 USD per barrel during the first half of
2026.

The 95% prediction intervals provide additional insight into forecast uncertainty. For January
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2026, the interval ranges from 46.63 to 73.45 USD per barrel, while for June 2026 it ranges from
47.70 to 74.52 USD per barrel. The relatively wide intervals reflect the inherent volatility of
crude oil prices and the uncertainty in global supply-demand conditions.

Although the model is purely data-driven and does not explicitly incorporate exogenous
economic variables, the projected short-term fluctuations may be associated with broader global
market conditions. For instance, concerns over potential increases in U.S. trade tariffs could
disrupt global economic activity and reduce oil demand. Additionally, reduced refinery operations
in the U.S. and Europe during routine maintenance periods may exert downward pressure on
prices. Seasonal consumption patterns, particularly in preparation for the summer holiday season,
may also influence short-term demand dynamics [33].

The projected trajectory suggests relatively stable price dynamics with short-term adjust-
ments rather than a pronounced upward or downward trend. These movements likely capture
ongoing adjustments in global supply–demand balances, seasonal consumption patterns, and
broader international economic conditions. However, the wide confidence intervals highlight
substantial forecast uncertainty, indicating that actual prices remain vulnerable to external
shocks, geopolitical tensions, and shifts in global economic activity.

Therefore, although the Hybrid ARIMA–Random Forest model anticipates short-term sta-
bilization, policymakers and market participants should interpret the forecasts cautiously and
account for the considerable uncertainty surrounding future price movements when formulating
strategic decisions.

4. Conclusion
This study compared the forecasting performance of ARIMA, Random Forest, and Hybrid
ARIMA–Random Forest models in predicting Indonesian crude oil prices (ICP) using Time-Series
Cross-Validation (TSCV) with MAPE, sMAPE, and RMSE as evaluation metrics. The results
indicate that the Hybrid ARIMA–Random Forest model outperforms the competing models
in terms of MAPE and sMAPE, while the Random Forest model achieves the lowest RMSE.
In contrast, the ARIMA(1,1,0) model exhibits the highest forecast errors across all metrics,
indicating its limited ability to capture the complexity of the underlying data patterns. The
Diebold–Mariano (DM) test further reveals that the predictive accuracy of the ARIMA model
is significantly lower than that of both machine-learning-based models, whereas no statistically
significant difference is found between the Random Forest and Hybrid ARIMA–Random Forest
models.

Out-of-sample forecasts for the January–June 2026 period indicate relatively stable price
movements within the range of 59–63 USD per barrel, characterized by short-term fluctuations
and relatively wide prediction intervals. Overall, these findings confirm that machine-learning-
based approaches, namely Random Forest and Hybrid ARIMA–Random Forest, are more effective
than conventional ARIMA in modeling the dynamics of Indonesian crude oil prices, although
their relative superiority depends on the evaluation metric considered.
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