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A B S T R A C T 

Rice is the main staple food in Indonesia, making its price stability a critical component of national food security. 

However, rice prices often fluctuate due to various factors, including climate variability and hydrometeorological 

disasters. One of the global climate drivers affecting agricultural conditions is the El Niño–Southern Oscillation 

(ENSO), which influences rainfall patterns and crop productivity. In addition, disasters such as floods and 

droughts can disrupt production and distribution, thereby affecting wholesale rice prices. This study aims to 

forecast wholesale rice prices in Indonesia using the Autoregressive Integrated Moving Average with Exogenous 

Variables (ARIMAX) model by incorporating ENSO indicators and hydrometeorological disaster variables. 

Monthly data from January 2015 to February 2026 were analyzed through stationarity testing, model 

identification, and parameter estimation, followed by model evaluation using Mean Absolute Percentage Error 

(MAPE). The results show that the best model is ARIMAX(1,1,0), which produces a MAPE value of 3.42%, 

indicating highly accurate forecasting performance. Despite this high accuracy, the influence of ENSO and 

disaster variables is relatively weak and occurs with a time lag, suggesting that rice prices are more strongly driven 

by internal market dynamics. These findings highlight that while climate and disaster factors contribute to price 

variations, their impact is limited in the short term. 
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1. Introduction 

Rice is a staple food that plays a crucial role in national food security. As the staple food for the 
majority of the population, the stability of rice availability and prices are important indicators for 
maintaining macroeconomic stability and public welfare. Insufficient food availability can trigger 
economic instability, making rice price stability a crucial aspect in maintaining economic stability and 
public welfare [1]. Rice price dynamics in Indonesia are not solely influenced by the supply-demand 
balance, so even stable production can cause rice prices to rise. This situation indicates that rice price 
formation is not solely influenced by production factors or supply-demand mechanisms, but also by 
other factors such as policy, distribution, and external factors, including vulnerability to climate change 
[2]. 

As an archipelagic country, Indonesia is highly vulnerable to climate change. Global phenomena 
such as the El Niño–Southern Oscillation (ENSO) are a major factor influencing climate variability in 
Indonesia, particularly rainfall patterns. ENSO is associated with changes in sea surface temperatures, 
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which cause seasonal shifts in Indonesia. During El Niño conditions, rainfall tends to decrease, 
increasing the risk of drought and limited irrigation water. Meanwhile, La Niña causes increased rainfall, 
potentially causing flooding in agricultural areas. These conditions impact the agricultural sector, such 
as disrupting planting schedules and the risk of crop failure, which can ultimately lead to decreased 
agricultural production [3]. The variability of rainfall influenced by the ENSO phenomenon not only 
impacts rainfall amounts but also its temporal distribution throughout the year. High rainfall variations 
can lead to uncertainty in determining planting times, especially on agricultural land that is highly 
dependent on rainfall availability [4]. This condition makes it difficult for farmers to determine the start 
of the planting season and increases the risk of a mismatch between crop water needs and environmental 
conditions. Furthermore, rainfall anomalies due to climate variability also impact planted area, harvested 
area, and rice yields. These disruptions not only directly affect production volumes but also have the 
potential to cause instability in the food supply. More broadly, these production dynamics can have 
implications for market price formation. This condition reinforces the finding that rice prices are 
influenced not only by production factors but also by structural factors such as distribution and policy 
[2]. 

Hydrometeorological disasters are one of the tangible impacts of climate change that are 
increasingly occurring in Indonesia, particularly in the form of floods, droughts, and other extreme 
weather events. Increased rainfall intensity and changing climate patterns have triggered more frequent 
flooding, while longer dry periods increase the risk of drought in the agricultural sector [5]. In general, 
most natural disasters in Indonesia are dominated by hydrometeorological disasters triggered by climate 
variability and extreme weather [6]. This condition places significant pressure on the agricultural 
system, given that this sector is highly dependent on stable climate factors. Climate change not only 
increases the frequency of disasters but also directly impacts crop productivity through disruptions in 
water availability, changes in planting seasons, and an increased risk of crop failure [7]. 

Previous research has shown that rice price analysis in Indonesia is still dominated by partial 
approaches, both in terms of policy and quantitative methods. A study by Annaji et al. emphasized that 
rice price fluctuations are influenced by complex factors such as government policy, distribution, 
production, and import dependence [8]. However, this study used a qualitative approach based on 
literature studies and therefore was unable to empirically measure causal relationships or quantitative 
contributions between variables. On the other hand, research by Naya et al. has implemented an ARIMA 
model for rice price forecasting and indicated the influence of climate factors such as El Nino, but these 
variables were only used to interpret the results, not as exogenous variables explicitly modeled in the 
forecasting framework [9]. Meanwhile, a climate-related study by Ariska et al. showed that the ENSO 
phenomenon is related to rainfall variability and impacts the agricultural sector, but this study did not 
directly link these impacts to the price dynamics of food commodities such as rice [10]. Thus, there is a 
significant research gap in the form of the lack of integration between global climate variables (ENSO), 
hydrometeorological impacts, and economic factors in a quantitative model that can explain and predict 
rice prices more comprehensively. Therefore, this study contributes by developing an ARIMAX model 
that integrates climate variables as exogenous factors to improve forecasting accuracy while providing 
a deeper understanding of the influence of climate on rice price dynamics in Indonesia. 

Based on these issues, this study aims to develop a rice price forecasting model in Indonesia using 
the Autoregressive Integrated Moving Average with Exogenous Variables (ARIMAX) approach. This 
model integrates ENSO variables and hydrometeorological disaster data, such as floods and droughts, 
as external variables to improve forecast accuracy. This research is expected to produce results that can 
provide a more comprehensive understanding of the influence of climate variability on rice price 
dynamics. 

2. Theoritical Framework 

2.1. El Nino–Southern Oscillation (ENSO) 

The El Nino–Southern Oscillation (ENSO) phenomenon is one of the major global climate 
variability that occurs due to the interaction between the atmosphere and the ocean in the tropical Pacific 
Ocean. ENSO is characterized by the presence of sea surface temperature (SST) anomalies in the Niño 
3.4 region which are then classified into two main phases, namely El Nino (warming phase) and La Niña 
(cooling phase) [11]. This phenomenon affects global atmospheric circulation so that it has a direct 
impact on the distribution of rainfall and climate conditions in the Indonesian region. In El Niño 
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conditions, increased sea surface temperatures in the eastern Pacific cause reduced rainfall to the 
potential for drought, while in La Nina conditions encourage high rainfall [10]. In addition, ENSO also 
plays a role in controlling regional climate variability including sea surface temperature and rainfall 
which ultimately can trigger hydrometeorological events such as floods and droughts [12]. However, 
the influence of ENSO on certain environmental variables can vary spatially and is not always 
significant, depending on the characteristics of the region and interactions with other climate factors. 

2.2. Hydrometeorological Disaster 

Hydrometeorological disasters are a type of natural disaster caused by atmospheric and 
hydrological factors, such as changes in rainfall patterns, temperature, and climate dynamics that impact 
the air cycle on the Earth's surface. The most common forms of these disasters are floods and droughts, 
where floods generally occur due to extreme rainfall, insufficient drainage capacity, and river overflows, 
while droughts occur due to rainfall deficits in certain periods that disrupt air availability [13]. In 
Indonesia, hydrometeorological disasters dominate more than 80% of disaster events each year, which 
indicates the high vulnerability of tropical regions to climate variability and global climate change [14]. 
In addition, the phenomenon of climate change and atmospheric variability such as increased rainfall 
intensity and temperature anomalies also exacerbate the frequency and impact of floods and droughts, 
especially in urban areas with high environmental pressure [5]. Thus, hydrometeorological disasters are 
not only natural phenomena, but are also closely related to climate dynamics, environmental conditions, 
and human activities that affect the balance of the hydrological system. 

2.3. Autoregressive Integrated Moving Average Exogenous 

The Autoregressive Integrated Moving Average with Exogenous Variables (ARIMAX) model is 
an extension of the ARIMA model by adding exogenous variables [15]. In this model, the value of a 
dependent variable is influenced not only by its own past values (the autoregressive and moving average 
components) but also by other variables outside the relevant system. 

(1 − 𝐵)𝑑  𝜙𝑝(𝐵)𝑌𝑡 = 𝜃𝑞(𝐵)𝜀𝑡 + 𝛽1𝑋1,𝑡−𝑘 + 𝛽2𝑋2,𝑡−𝑘 +⋯+ 𝛽𝑘𝑋𝑘,𝑡−𝑘 

Keterangan: 

𝑌𝑡= Dependent variable 
𝐵 = Backshift Operator, with 𝐵𝑌𝑡 = 𝑌𝑡−1 
𝜙𝑝(𝐵)= Autoregressive (AR)  

𝜃𝑞(𝐵) = Moving Average (MA)  

𝜀𝑡 = Error at-𝑡  
(1−𝐵)𝑑= Non-seasonal differencing operator 

𝑑 = Orde of differencing  
𝛽𝑘 = Parameter for exogenous variables 
𝑋𝑘,𝑡−𝑘 = Independent (exogenous) variable at time-𝑡 − 𝑘 

 

The ARIMAX model still follows the basic steps of ARIMA, such as stationarity testing, model 
identification using ACF and PACF, and parameter estimation. The difference lies in the addition of 
additional variables integrated into the model. 

2.4. Evaluation 

The accuracy of the model in this study was evaluated using the Mean Absolute Percentage Error 
(MAPE). MAPE is used to measure the magnitude of the model's prediction error compared to the actual 
value, expressed as a percentage [16]. The smaller the MAPE value, the better the model's forecasting 
ability. 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑ ∣

𝑌𝑡 − 𝑌̂𝑡
𝑌𝑡

∣

𝑛

𝑡=1

× 100% 

 

Keterangan: 
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𝑌𝑡 = Actual value in period-𝑡  
𝑌̂𝑡 = Forecasted value in period-𝑡  
𝑛 = Number of observations 
𝑡 = Time period  

The MAPE value is then used to classify the model's forecasting ability. The criteria for assessing 
model accuracy based on the MAPE value are presented in the following table. 

Table 1. MAPE Criteria 

MAPE Value Accuracy Category 

< 10% Highly Accurate 
10% – 20% Good Forecasting 
20% – 50% Reasonable Forecasting 

> 50% Inaccurate Forecasting 

3. Methods 

This study uses a quantitative approach with time series analysis to model and forecast wholesale 
rice prices in Indonesia. The model used is the Autoregressive Integrated Moving Average with 
Exogenous Variables (ARIMAX). The ARIMAX model was selected based on its ability to 
accommodate historical data patterns while integrating external variables, allowing for analysis of the 
influence of climate and disaster factors on rice prices. 

3.1. Data Collection 

The data used is monthly secondary data consisting of wholesale rice prices as the dependent 
variable, and ENSO as the independent variable, represented by the Oceanic Niño Index (ONI), as well 
as the number of floods and droughts. Data were obtained from the Central Statistics Agency (BPS), the 
National Oceanic and Atmospheric Administration (NOAA), and the National Disaster Management 
Agency (BNPB). All data were aligned to a monthly timeframe and aggregated based on the time 
variable. 

3.2. Research Stages 

The initial stage involved converting date variables to datetime format, which was then filtered 
starting from 2015 to ensure consistency across the analysis period. Descriptive statistical analysis was 
performed to understand the characteristics of the data, including the mean, standard deviation, 
minimum, and maximum values. In addition, a multicollinearity test was performed using the Variance 
Inflation Factor (VIF) to ensure that the independent variables did not have a strong linear relationship 
with each other. Correlation analysis was performed to determine the initial relationship between the 
variables. Next, the Cross-Correlation Function (CCF) was used to identify the lag effects of ENSO, 
floods, and drought on rice prices. Based on the CCF results, each exogenous variable was transformed 
into its optimal lag form for use in the ARIMAX model. Modeling was performed using ARIMAX by 
first ensuring data stationarity through the Augmented Dickey-Fuller (ADF) test. If necessary, 
differencing was performed. Data pattern identification was performed through Autocorrelation 
Function (ACF) and Partial Autocorrelation Function (PACF) analysis. Modeling was performed using 
several candidate ARIMAX models with different parameter combinations (p, d, q). The model was 
trained using training data incorporating the lagged exogenous variables. Next, the forecasting process 
was performed on the testing data. The best model was selected based on the smallest error value, with 
MAPE as the main indicator of prediction accuracy. 

4. Results and Discussion 

This section presents the results of the analysis and discussion related to forecasting wholesale rice 
prices in Indonesia using the ARIMAX method with ENSO, flood, and drought variables. The data used 
is monthly data for the period January 2015–February 2026. 
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4.1. Correlation and Cross-Correlation Analysis 

 

Figure 1.  Correlation Matrix 

The correlation matrix is presented in Figure 1. The correlation results show that the direct 
relationship between ENSO, floods, and droughts on rice prices is relatively weak (|r| < 0.2). This 
indicates that the influence of external variables is not direct. Next, a Cross-Correlation Function (CCF) 
analysis was performed, which shows the lag of each variable. The CCF results are as follows: 

Table 2. Cross-Correlation Function Results 

Variable Lag Correlation 

ONI 6 0.37 

Flood 11 0.08 

Drought 6 0.28 

This interpretation aligns with the mechanisms of the agricultural sector, where the impacts of 
climate change and disasters do not directly affect prices, but rather through the production, harvest, and 
distribution processes that require time. However, the relatively small correlation value indicates that, 
although there is a relationship, its influence is still limited. 

4.2. Model Identification 

The ARIMA model was determined by identifying data stationarity using the Augmented Dickey-
Fuller (ADF) test. 

Table 3. Stationary Test 

Differencing p-value Status 

0 0.77 Non-stationary 

1 4.57e-15 Stationary 

The Augmented Dickey-Fuller (ADF) test results indicate that the rice price data is non-stationary, 
as indicated by a p-value > 0.05. After differencing, the data became stationary. However, the p-value 
is close to 0, so the d value used to determine the best model is 0 or 1. Next, ACF and PACF plots were 
performed to determine the AR and MA values. 
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Figure 2.  Plot ACF and PACF 

Based on Figure 2, both showed a cut-off at lag 1, resulting in AR(1) and MA(1) values. 

4.3. ARIMAX Model Selection 

Table 4. Model Comparison 

Model AIC MAPE 

(0,1,1) 1500.23 3.91% 

(1,1,0) 1500.40 3.42% 

(1,1,1) 1502.17 3.64% 

(0,0,1) 1680.43 16.54% 

(1,0,0) 1509.92 5.92% 

(1,0,1) 1506.43 6.30% 

Based on Table 4, the ARIMAX(1,1,0) model was selected as the best model because it had the 
smallest MAPE value, although the AIC value was not the lowest. This indicates that the model has 
better predictive ability on the test data than the other models. The model produced a MAPE value of 
3.42%, which is included in the highly accurate forecasting category. This quantitatively indicates that 
the model has excellent predictive ability for the test data. A residual test was conducted for the selected 
model to verify the presence of white noise. 

Table 5. Residual Test 

Test p-value Result 

Ljung-Box 1.00 White Noise 

The residuals have no autocorrelation, thus confirming the validity of the model. Residual non-
normality is acceptable in economic data. 

4.4. Forecast Result 

Table 6. Testing Data Forecast Result 

Period Testing Data Forecasting Data 

2025-02 13604 13551.78 

2025-03 13757 13568.86 

2025-04 13728 13529.47 

2025-05 13735 13529.93 

2025-06 13979 13509.36 

2025-07 14202 13513.74 

2025-08 14292 13521.50 

2025-09 14290 13524.19 

2025-10 14264 13534.09 

2025-11 14131 13559.91 

2025-12 14162 13572.85 

2026-01 14218 13624.89 
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Period Testing Data Forecasting Data 

2026-02 14282 13562.86 

Based on Table 6, it can be seen that the actual rice price data shows a gradual upward trend from 
the beginning to the end of the test period. Meanwhile, the forecast results from the ARIMAX model 
also show a pattern that tends to be lower than the actual data in several periods, especially when there 
are significant price increases. The model is able to follow the direction of data movement, but is not 
yet fully able to optimally capture price spikes. This indicates that the model is more effective at 
capturing trends than extreme fluctuations that occur in the short term. 

Table 7. Forecast Result 

Period Forecast Result 

2026-03 13558.53 

2026-04 13561.97 

2026-05 13562.68 

2026-06 13562.83 

2026-07 13562.86 

Based on Table 7, the forecast results for the next period indicate that rice prices are expected to 
remain stable with very small increases. Changes in forecast values between periods are relatively small, 
indicating that the model projects stable market conditions without significant shocks. This pattern is 
consistent with the characteristics of the ARIMAX model, which emphasizes historical patterns rather 
than sudden changes caused by external factors. Furthermore, these results also indicate that the ENSO 
and hydrometeorological disaster variables used in the model have not yet exerted a strong influence on 
driving significant price changes in the short term. 

5. Conclusion 

The best model for forecasting wholesale rice prices using ENSO, drought, and flood variables is 
the ARIMAX(1,1,0) model. This model is capable of forecasting wholesale rice prices in Indonesia with 
a MAPE of 3.42%. However, the exogenous variables used have a weak correlation with rice prices, so 
their influence is indirect and relatively limited. The model is able to capture price trend patterns well, 
but is not optimal in representing extreme price spikes. This indicates that rice price dynamics are 
influenced not only by climate factors but also by other factors not included in the model. Thus, this 
study confirms that the ARIMAX approach is effective for rice price forecasting, but model 
development with the addition of other variables is needed to improve its predictive ability for more 
complex price dynamics. 
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