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Introduction/Main Objectives: Rice is a key staple commodity influencing 

food security and inflation in Indonesia, making accurate price forecasting 

essential. In this study, we aim to compare ensemble boosting models and 

identify the best-performing model for rice price prediction. Background 

Problems: Notably, rice prices exhibit non-linear patterns over time, while 

classical statistical methods have limitations in capturing such complexities, 

resulting in suboptimal forecasting performance. Novelty: This study proposes 

a lag-based approach that uses lag variables as the only predictors, arranged 

across multiple input schemes to flexibly capture historical patterns without 

external variables. Research Methods: Daily national medium rice price data 

(Jan 2021–Jan 2026) from the National Food Agency are modeled using 

Gradient Boosting Machine (GBM) and LightGBM, with hyperparameter 

tuning via Optuna. The forecasting framework relies exclusively on significant 

lag variables without incorporating exogenous factors. Model performance is 

evaluated using RMSE, MAE, and MAPE. Findings/Results: LightGBM with 

optimized hyperparameters achieves the best performance (RMSE = 66.389; 

MAE = 50.213; MAPE = 0.362%). Furthermore, forecasts for the next 89 days 

indicate stable prices around Rp13,360–Rp13,395/kg, with no significant 

fluctuations. 
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1. Introduction 

Rice is a fundamental food source for a majority of global population. Its consumption are found 
is concentrated in Asia, Sub-Saharan Africa, and South America, where it plays a crucial role in meeting 
dietary energy and carbohydrate requirements. Indonesia ranks fourth globally among rice-consuming 
countries, with consumption reaching 35.367 million tons in 2020 [1]. Moreover, data from the National 
Socioeconomic Survey (Susenas) conducted in March 2025 indicate that rice, including local rice, 
premium-quality rice, and imported rice, has the highest consumption participation rate in Indonesia at 
99.07%, highlighting the strong reliance of Indonesian society on rice as a daily staple food [2].  

Rice is a strategic food commodity whose prices are classified within the volatile food group and 
are highly sensitive to supply disruption and market dynamics, thereby directly influencing year-on-year 
inflation in Indonesia  [3]. This relationship is illustrated in Figure 1, where rice consistently appears as 
one of the main contributors to inflation, although its impact may fluctuate overtime. Typically, 
increases in rice prices are driven by imbalances between supply and demand, which are caused by 
factors such as El Niño, rising non-subsidized fertilizer prices, limited availability of subsidized 
fertilizers, and irrigation damage [4]. In response to these challenges and to maintain price stability and 
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food security, the government implements the second mission of Asta Cita through strategies such as 
agrarian reform, fertilizer assurance, irrigation improvement, distribution efficiency, import policies, 
and food reserve management [5]. 

 

Figure 1. Contribution of rice commodity to year-on-year inflation 

Government efforts to maintain long-term price stability can be supported by rice price forecasting, 
which enables the anticipation of future trends and the formulation of more effective policy responses 
[6]. Previous studies on rice price forecasting have employed various traditional statistical models, 
including Double Exponential Smoothing [7], Linear Regression [8], ARIMA [9], and SARIMA [10]. 
However, advancements in science and technology have led to the increasing adoption of modern 
statistical approaches, particularly machine learning, due to their ability to capture non-linear 
relationships and complex interactions among variables that are often difficult to handle using traditional 
methods [11]. Several machine learning models applied in forecasting studies include Random Forest, 
Support Vector Machine (SVM) [12], Decision Tree (DT), Gradient Boosting Machine (GBM) [13], 
and Extreme Gradient Boosting (XGBoost) [14].  

One of the most widely developed machine learning approaches is ensemble boosting, a sequential 
learning technique that combines multiple weak learners to construct a strong predictive model, where 
each successive model focuses on correcting the errors of its predecessor [15]. Common 
implementations of this method include Gradient Boosting Machine (GBM) and Light Gradient 
Boosting Machine (LightGBM). GBM builds decision trees iteratively to improve accuracy [16], but its 
performance becomes less efficient when applied to large datasets due to the need to processes the entire 
dataset at each iteration. As an advancement of GBM, LightGBM enhances computational efficiency 
by focusing only on important data and combining certain features without sacrificing accuracy [17]. 

Various studies have explored the capability of ensemble boosting models across different fields. 
For instance, GBM has been shown to produce wind power generation predictions with the lowest 
nRMSE among boosting models [18]. Similarly, in the agricultural commodity sector, LightGBM has 
consistently outperformed six other models, namely ARIMA, Decision Tree (DT), Random Forest (RF), 
Support Vector Machine (SVM), XGBoost, and Artificial Neural Network (ANN), in predicting 
agricultural product prices [19]. Taken together, these findings justify the selection of GBM and 
LightGBM as a suitable methods for forecasting rice prices, which exhibit substantial volatility. 

This study adopts a distinct approach by utilizing lag variables as the sole predictors, which are 
combined into multiple input schemes to represent historical information. Each scheme is evaluated to 
examine its effect on model performance in capturing rice price movement patterns. To further enhance 
model performance, hyperparameter tuning is performed using Optuna. This framework allow for 
flexible exploration of temporal relationships without relying on a single variable combination. This 
study intends to support the government in formulating food self-sufficiency policies through more 
accurate rice price forecasting. 
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2. Material and Methods 

2.1. Data Source 

The data used in this study are secondary data obtained from the official website of the National 
Food Agency. The dataset is a daily time series covering the period from January 2021 to January 2026, 
with a total of 1,857 observations. The variable used is the national medium rice price at the consumer 
level, measured in Indonesian Rupiah per kilogram (IDR/kg), which is subsequently modeled and 
forecasted. Medium rice refers to rice with a moderate quality level that meets the standards set by the 
National Food Agency Regulation No. 2 of 2023. Its main characteristics include a minimum milling 
degree of 95%, a maximum moisture content of 14%, a maximum of 2% broken fragments (menir), a 
maximum of 25% broken grains, a maximum of 4% other rice grains, a maximum of 1 unhusked grain 
per 100 grams, and a maximum of 0.05% foreign matter [20] The selection of medium rice is based on 
its role as the most widely consumed type of rice among low- to middle-income populations, particularly 
households slightly above the poverty line [21]. Therefore, fluctuations in medium rice prices can reflect 
changes in society’s purchasing power and are directly linked with economic stability and food policy. 

2.2. Research Framework 

This study aims to develop a rice price forecasting model to understand price movement patterns 
and support food policy decision-making. The research stages include data collection, data 
preprocessing, construction of input variable, variable selection, model development, and evaluation 
and interpretation of results. Visualization, analysis, and modeling were conducted using Python 3.12.13 
in the Google Colab environment, utilizing libraries such as NumPy, pandas, scikit-learn, LightGBM, 
statsmodels, Optuna, and Matplotlib. The expected outcome is the best-performing model for rice price 
forecasting, along with prediction results that illustrate future price trends, as presented in the research 
framework in Figure 2. 

Figure 2. The research framework 

2.3. Linear Interpolation 

Linear interpolation is a commonly used method for handling missing data, with its primary 
advantage being its ability to preserve the underlying trend without introducing unnecessary fluctuations 
[22]. By applying this approach, data consistency can be maintained while reducing potential bias that 
may affect subsequent analysis, particularly in time series contexts where continuity between 
observations is essential. The method operates by constructing a straight line connecting two known 
data points surrounding the missing value [23], allowing the unknown value to be estimated as a 
proportion between them. Despite its simplicity, this approach is effective because it assumes a linear 
relationship between the observations before and after the missing interval. 

𝑦𝑡 = 𝑦𝑡−1 +
𝑦𝑡+1 − 𝑦𝑡−1

𝑥𝑡+1 − 𝑥𝑡−1

(𝑥𝑡 − 𝑥𝑡−1)                                                                                                             (1) 
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In Equation (1), 𝑦𝑡represents the estimated value at time 𝑡, 𝑦𝑡−1and 𝑦𝑡+1denote the observed values 
at the previous and subsequent time points, respectively, while 𝑥𝑡, 𝑥𝑡−1, and 𝑥𝑡+1correspond to the time 
indices of the missing, previous, and subsequent observations. 

 

2.4. Partial Autocorrelation Function 

The Partial Autocorrelation Function (PACF) measures the correlation between observations 𝑌𝑡and 
𝑌𝑡+𝑘after removing the linear influence of all intermediate observations, namely 𝑌𝑡+1, 𝑌𝑡+2, … , 𝑌𝑡+𝑘−1. 
In other words, PACF captures the direct correlation between two data points separated by lag 𝑘, while 
controlling for the linear dependencies of the intervening variables [24]. Mathematically, this function 
is expressed as the following conditional correlation: 

𝜙𝑘𝑘 = corr( 𝑌𝑡 , 𝑌𝑡+𝑘 ∣∣ 𝑌𝑡+1, … , 𝑌𝑡+𝑘−1 )                                                                                                            (2) 

Here, 𝜙𝑘𝑘 denotes the PACF coefficient at lag 𝑘, 𝑌𝑡 represents the time series value at time 𝑡, and 
𝑌𝑡+𝑘 is the value at time 𝑡 + 𝑘, while 𝑘 indicates the lag and 𝑡 represents time. The sample PACF can 
be mathematically defined as: 

𝜙̂𝑘𝑘 =
𝜌̂𝑘−∑ 𝜙̂𝑘−1,𝑗

𝑘−1

𝑗=1
𝜌̂𝑘−𝑗

1−∑ 𝜙̂𝑘−1,𝑗

𝑘−1

𝑗=1
𝜌̂𝑗

                                                                                                                                     (3)  

with the recursive relation: 

𝜙̂𝑘𝑗 = 𝜙̂𝑘−1,𝑗 − 𝜙̂𝑘𝑘𝜙̂𝑘−1,𝑘−𝑗 , 𝑗 = 1,2, … , 𝑘 − 1.                                                                                           (4)  

In these expressions, 𝜙̂𝑘𝑘 represents the estimated PACF value at lag 𝑘, while 𝜙̂𝑘−1,𝑗denotes the 
estimated PACF at lag 𝑗 from lag 𝑘 − 1. Furthermore, 𝜌̂𝑘 is the estimated ACF at lag 𝑘, 𝜌̂𝑘−𝑗 is the 
estimated ACF at lag 𝑘 − 𝑗, and 𝜌̂𝑗 is the estimated ACF at lag 𝑗. Here, 𝑘 indicates the lag, and 𝑗 is the 
lag index. 

The selection of input variables is crucial for forecasting model performance. Before training, an 
initial set of input must be determined. The PACF is used to identify these initial inputs, where variables 
at specific lags are considered potential predictors if their PACF values fall outside the confidence 
interval bounds, indicating statistical significance. The corresponding lags highlight significant 
autocorrelation, which can be visualized with the PACF plot [25]. By leveraging PACF and considering 
other relevant information, an initial set of input variables for different subseries can be approximated 
[26]. 

 

2.5. Gradient Boosting Machine 

Gradient Boosting Machine (GBM) is a supervised learning algorithm based on ensemble boosting 
that builds models sequentially to optimize a specific objective function. At each iteration, the model 
improves previous prediction errors by fitting weak learners, typically decision trees, to the residual 
errors. A weak learner is a simple model with predictive performance slightly better than random 
guessing, but through sequential boosting its performance can be significantly improved [27]. The main 
objective of GBM is to minimize the loss function by combining weak learners in an additive manner 
[28]. 

Figure 3 illustrates that GBM constructs a new weak learner by following the gradient direction to 
reduce residuals. This process uses multiple regression trees as weak learners and applies a forward 
stagewise learning approach to iteratively minimize residuals from the previous iteration. At the same 
time, the algorithm adjusts sample weights across iterations to generate subsequent weak learners, 
allowing the model to better capture patterns in the data and improve prediction accuracy at each step. 
To obtain more accurate predictions, all weak learners produced in each iteration are then combined 
linearly through an additive model [29]. 
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Figure 3. GBM workflow 

The process begins with the initialization of a base model that minimizes error on the training data 
[30], followed by the computation of pseudo-residuals to construct weak learners at each iteration. The 
model is updated iteratively by adding the contribution of each new weak learner until a stable final 
model is obtained in the form of an additive regression function: 

𝑦̂𝑡 = 𝐹0(𝑥𝑡) + ∑ 𝜈 ⋅
𝑀

𝑚=1
ℎ𝑚(𝑥𝑡)                                                                                                                           (5) 

In equation (5), 𝑦̂𝑡 represents the predicted value for the 𝑡-th observation, 𝐹0(𝑥) is the initial 
prediction before boosting begins, 𝜈 is the learning rate that controls the contribution of each weak 
learner, ℎ𝑚(𝑥𝑡) denotes represents the weak learner at iteration 𝑚 evaluated using the input features at 
time 𝑡, and 𝑀 is total number of boosting iterations used to construct the model. 

 

2.6. Light Gradient Boosting Machine 

Light Gradient Boosting Machine (LightGBM) is a decision tree-based model that extends the 
ensemble boosting approach with high computational efficiency. Its main advantage lies in the use of a 
leaf-wise tree growth strategy, which expands the node that yields the largest error reduction in a greedy 
manner, allowing faster training compared to conventional methods [31]. In contrast to level-wise tree 
growth, which grows the tree layer by layer where the number of nodes at depth 𝐷 reaches 2𝐷, the leaf-
wise approach focuses on error optimization, leading to improved speed and model performance [32]. 

During the learning process, each tree is constructed to minimize the loss function while controlling 
model complexity through regularization, ensuring a balance between accuracy and model stability. This 
approach also utilizes gradient and Hessian information to improve the quality of model updates at each 
iteration. In addition, LightGBM incorporates several acceleration techniques such as histogram-based 
algorithms, Gradient-Based One-Side Sampling (GOSS), and Exclusive Feature Bundling (EFB), which 
enable efficient processing of large-scale data without degrading model performance [33]. 

In general, the final prediction of LightGBM is obtained by summing the contributions of all 
decision trees built sequentially, as follows: 

𝑦̂ = ∑ 𝑇𝑖

𝐼

𝑖=1
(𝑋, 𝜃𝑖)                                                                                                                                                (6) 

In this equation, 𝑦̂ represents the final predicted value, 𝑇𝑖 denotes the 𝑖-th decision tree, 𝑋 is the set 
of input variables, 𝜃𝑖 represents the parameters learned by the 𝑖-th tree, and 𝐼 is the total number of trees 
in the model. 



Ensemble Boosting…|Muhammad Jimmy Saputra, et al. 

 
Page 120  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4. Level-wise and leaf-wise growth mechanism 

2.7. Optuna Search 

Optuna is an automated framework for optimization hyperparameters in machine learning models. 
This library enables a flexible hyperparameter search process through a define-by-run approach, 
allowing the search space to be dynamically defined within the code according to the desired conditions. 
Hyperparameters themselves are parameters that are set prior to the model training process and remain 
constant throughout training. These parameters play a crucial role in determining the model’s learning 
capacity, generalization ability, and computational cost. Compared to traditional optimization methods 
such as grid search and random search, Optuna offers a more flexible and efficient approach to exploring 
complex search spaces [34]. 

In its optimization process, Optuna commonly employs the Tree-structured Parzen Estimator (TPE) 
algorithm, a Bayesian optimization method operating within the Sequential Model-Based Optimization 
(SMBO) framework. This algorithm divides the parameter space into two probability distributions: one 
representing trials with good performance and another representing the remaining trials. Candidate 
parameters are then selected by maximizing the ratio between these two distributions, guiding the search 
toward more promising regions of the parameter space. This approach enables more efficient 
exploration, particularly in high-dimensional optimization problems [35]. Furthermore, Optuna provides 
several advantages that enhance optimization efficiency. The Bayesian optimization algorithm leverages 
results from previous trials to guide the search process, allowing optimal solutions to be identified with 
fewer trials compared to conventional methods. Optuna also incorporates a pruning mechanism that 
monitors the performance of each trial in real time and terminates underperforming trials at an early 
stage. As a result, computational resources can be focused on the most promising hyperparameter 
combinations, making the optimization process more efficient [36]. 

2.8. Model Evaluation 

The evaluation methods used in this study include Mean Absolute Error (MAE), Root Mean Square 
Error (RMSE), and Mean Absolute Percentage Error (MAPE). MAE measures the average magnitude 
of errors between predicted and actual values without considering their direction, making it easy to 
interpret since it has the same unit as the original data [37]. RMSE is the square root of the average 
squared differences between predicted and observed values, making it more sensitive to large errors and 
useful for detecting high deviations. Meanwhile, MAPE expresses the error in percentage terms, which 
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facilitates interpretation as it reflects the average relative error compared to actual values [38]. The 
smaller the values of these three metrics, the better the model performance.  

𝑀𝐴𝐸 =
1

𝑛
∑ |𝑦̂𝑡 − 𝑦𝑡|𝑛

𝑡=1                                                                                                                                         (7)  

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (

𝑛

𝑡=1
𝑦̂𝑡 − 𝑦𝑡)2                                                                                                                            (8) 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑ |

𝑦𝑡 − 𝑦̂𝑡

𝑦𝑡
|

𝑛

𝑡=1

× 100%                                                                                                             (9) 

In these equations, 𝑦𝑡 represents the actual value at time 𝑡, 𝑦̂𝑡 is the predicted value at time 𝑡, and 𝑛 

denotes the total number of observations. Lewis's benchmark is commonly used to interpret MAPE 

values, where values below 10% indicate highly accurate forecasts, values between 10% and 20% 

indicate good forecasting performance, and values between 20% and 50% suggest reasonable predictive 

accuracy [39].  

It should be noted that the forecasting models developed in this study rely exclusively on significant 

lag variables derived from historical rice price data. Consequently, the models do not account for 

exogenous factors that may influence price movements. While this univariate approach enables a 

focused assessment of the predictive capability of lag-based information, it may limit the models' ability 

to capture influences beyond the observed historical patterns. 

3. Results and Discussion 

3.1. Data Exploration 

After data pre-processing, including the handling of missing values using linear interpolation, an 
exploratory data analysis was conducted to examine the characteristics of rice prices in Indonesia, 
including trends, variability, and price dynamics overtime. 

  Table 1. Descriptive statistics of rice prices (IDR/kg) 

Mean Median Standard Deviation Minimum Maximum 

12,308.71 11,985 1,383.67 7,850 14,595 

 

Table 1 shows that the average rice price is IDR 12,308.71/kg, while the median value is IDR 
11,985/kg. The relatively small difference between meand and media suggest that the price distribution 
is approximately symmetric. The standard deviation of IDR 1,383.67 indicates a moderate level of 
variability around the mean, reflecting price fluctuations over time. The minimum rice value of IDR 
7,850/kg was recorded on March 12, 2021, which is associated with incomplete interprovincial data 
reporting during that period. In contrast, the maximum price of IDR 14,595/kg occurred on April 11, 
2024, two days after Eid al-Fitr 1445 H, likely driven by increased demand around religious holiday. 
These statistics highlight the sensitivity of rice price to both data condition and seasonal demand factors.  

Figure 5 illustrates the movement of rice prices in Indonesia over the study period. The prices series 
exhibits distinct phases, beginning with pronounced short-term fluctuation in early 2021, which are 
likely associated with incomplete regional data reporting during that period. From mid-2021 to mid-
2022, rice prices display a relatively stable pattern, indicating balanced market conditions with limited 
votality. However, starting in late 2022, a persistent upward trend becomes evident, reflecting increasing 
price pressure over time. A notable price peak is observed in early 2024, influenced by production 
disruptions caused by extreme weather conditions and the El Niño phenomenon, which suppressed 
supply amid high demand. This increase was also driven by rising non-subsidized fertilizer prices, 
reduced subsidies, land conversion, and global factors such as increased rice imports by Indonesia and 
export restrictions by India [40]. After a temporary decline, prices rose again and reached another peak 
in mid-2025, before correcting in September 2025, which coincided with government intervention 
aimed at stabilizing rice prices [41]. 

 



Ensemble Boosting…|Muhammad Jimmy Saputra, et al. 

 
Page 122  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5. Daily rice price movement 

3.2. Input Variable Selection 

Variable selection in this study was conducted using Partial Autocorrelation Function (PACF) 
analysis to identify lags that have a direct influence on rice price movements. The analysis was carried 
out up to lag 30, corresponding to a monthly cycle, to capture short-term temporal relationships without 
being affected by indirect dependencies across lags. Significant lags are those whose PACF values fall 
outside the confidence interval, indicating a meaningful contribution in explaining rice price variation. 

As illustrated in Figure 6, the presence of significant positive autocorrelation at early lags, 
particularly lags 1 to 4, indicates that current prices are strongly influenced by prices from recent periods. 
Autocorrelation values tend to decrease with increasing lag, indicating a weakening temporal 
dependence. At higher lags, the pattern becomes unstable, alternating between positive and negative 
values. Although some lags up to lag 30 remain significant, their influence is relatively small compared 
to early lags, thus contributing less to the model. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6. PACF plot of rice price data 
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Based on PACF analysis, 18 significant lags were identified. However, to maintain modeling 
efficiency, further selection was performed by choosing the 10 lags with the highest PACF values, 
namely lags 1, 2, 3, 4, 7, 13, 14, 17, 18, and 20. This selection aims to retain important information 
while reducing model complexity. 

Table 2. Input variable schemes based on lag combinations 

Scheme Lag Variables 

Scheme 1 1 

Scheme 2 2 

Scheme 3 3 

… … 

Scheme 1021 1, 3, 4, 7, 13, 14, 17, 18, 20 

Scheme 1022 2, 3, 4, 7, 13, 14, 17, 18, 20 

Scheme 1023 1, 2, 3, 4, 7, 13, 14, 17, 18, 20 

The selected lag variables were then used to form various combinations of input variables in the 
modeling process. With 10 lag variables, the total number of possible combinations is 1,023 schemes, 
derived from all possible subsets excluding the empty set (2¹⁰ − 1). Each scheme represents a different 
combination of lag variables used as model input. This approach aims to evaluate various input 
structures to obtain the most optimal variable combination without assuming specific relationships 
between lags. 

3.3. Model Development 

Model development was carried out using two ensemble boosting approaches, namely Gradient 
Boosting Machine (GBM) and Light Gradient Boosting Machine (LightGBM), by utilizing 
combinations of selected lag variables. Model performance was evaluated using Expanding Window 
Cross-Validation with five folds and the Root Mean Square Error (RMSE) metric to maintain the 
temporal structure of the data. The evaluation results indicate that both models achieve their best 
performance with lag combinations dominated by short-term lags. A summary of the ten best schemes 
for each model is presented in Table 3. 

 

Table 3. Top ten schemes based on RMSE CV for GBM and LightGBM 

GBM  LightGBM 

Scheme Lag Variables RMSE CV  Scheme Lag Variables RMSE CV 

392 1,2,3,7,13 291.7  177 1,2,3,7 333.619 

183 1,2,4,7 293.379  386 1,2,3,4,7 333.74 

638 1,2,3,4,7,13 293.676  204 1,3,4,7 334.214 

58 1,2,7 293.775  58 1,2,7 334.368 

393 1,2,3,7,14 294.092  183 1,2,4,7 334.449 

407 1,2,4,7,13 294.162  71 1,4,7 334.656 

215 1,3,13,14 294.169  393 1,2,3,7,14 334.689 

60 1,2,14 294.214  65 1,3,7 334.971 

397 1,2,3,13,14 294.499  179 1,2,3,14 335.286 

653 1,2,3,7,13,14 294.517  176 1,2,3,4 335.725 

 

Table 3 shows that the GBM model produces lower RMSE CV values compared to LightGBM. 
The best-performing GBM scheme is obtained using a combination of lags 1, 2, 3, 7, and 13, achieving 
an RMSE CV of 291.70, while the optimal LightGBM scheme uses lags 1, 2, 3, and 7 with an RMSE 
CV of 333.62. The dominance of lags 1 and 2 in both models indicates that the most recent historical 
information plays a key role in modeling rice prices. In addition, the inclusion of lag 7 suggests the 
presence of a weekly periodic pattern in rice price movement. 
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Table 4. Hyperparameter search space for GBM and LightGBM 

Model Hyperparameter Default Value Candidate Range 

GBM 

n estimators 100 100–500 (step of 50) 

learning rate 0.1 0.005–0.2 

max depth 3 3–10 

LightGBM 

n estimators 100 100–500 (step of 50) 

learning rate 0.1 0.005–0.2 

max depth -1 3–10 

 
To improve model accuracy, hyperparameter optimization was performed using Optuna with the 

search space presented in Table 4. The parameter n_estimators controls the number of trees in the 
boosting process, learning_rate controls the contribution of each tree to the final model, and max_depth 
controls model complexity. The optimization process was conducted over 100 trials to obtain the 
parameter combination with the lowest RMSE CV. 

 

Table 5. Optimal hyperparameter configuration and RMSE CV Results for GBM and LightGBM 

Model n estimators learning rate max depth RMSE CV 

GBM 350 0.1351 4 285.73 

LightGBM 100 0.0953 10 334.05 

 

These results show that hyperparameter optimization in GBM significantly improves model 
performance by reducing the RMSE CV compared to the initial configuration. On the other hand, 
optimization in LightGBM does not lead to performance improvement, indicating that its default 
configuration is already sufficient in capturing the main data patterns. Results presented in Table 5 
indicated that the GBM model outperforms LightGBM in modeling rice prices. 

3.4. Evaluation and Forecasting 

Model performance evaluation was conducted to compare the performance of GBM and LightGBM 
under both default settings and optimized hyperparameter. The evaluation employed RMSE, MAE, and 
MAPE metrics on training and testing datasets, while also accounting for computational time efficiency. 

Table 6. Model performance evaluation on training and testing data 

Model 
Training Data  Testing Data Runtime 

(sec) RMSE  MAE  MAPE RMSE  MAE  MAPE 

GBM Default 42.750 22.004 0.190% 70.404 51.276 0.369% 0.393 

GBM Optuna 12.460 9.136 0.077% 73.651 53.870 0.388% 1.751 

LightGBM Default 83.524 25.845 0.233% 67.161 50.774 0.366% 0.056 

LightGBM Optuna 83.978 26.492 0.239% 66.389 50.213 0.362% 0.045 

 

As demonstrated in Table 6, the GBM Optuna model achieves the best performance on the training 
data, with substantially lower RMSE, MAE, and MAPE values than all other models. This significant 
reduction in error demonstrates that hyperparameter optimization effectively enhances the model’s 
ability to learn and fit the underlying patterns in the training data. The improvement is particularly 
notable compared to the GBM default configuration, suggesting that parameter tuning plays a crucial 
role in maximizing the potential of the GBM algorithm. On the other hand, LightGBM shows relatively 
stable performance before and after optimization, with only marginal changes in evaluation metrics. 
This suggests that the default configuration of LightGBM is already well-suited to the data structure and 
does not benefit significantly from further tuning in this case. Based on Lewis's benchmark, all models 
can be categorized as having highly accurate forecasting performance, as all testing MAPE values are 
below the 10% threshold. From a computational efficiency perspective, LightGBM clearly outperforms 
GBM. The training time required by LightGBM is considerably shorter, even after optimization, 
highlighting its advantage for efficiently handling large-scale data. In contrast, optimized GBM model 
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exhibits longer training time, reflecting the computational cost of their iterative parameter refinement 
and exhaustive learning strategy.  

However, a different pattern emerges when evaluating the models on the test data. The LightGBM 
model, especially with Optuna optimization, produces the lowest RMSE, MAE, and MAPE, indicating 
superior generalization performance. This means that LightGBM is better at capturing the true 
underlying patterns in the data and applying them effectively to unseen observations. In contrast, the 
GBM model experiences a noticeable decline in performance when moving from training to testing data. 
Despite achieving very low errors during training, its higher error values on the test data suggest that 
the model may have overfitted the training data, learned noise or overly specific patterns that do not 
generalize well. This interpretation is further supported by the Time Series Cross-Validation results, 
which show that validation RMSE values are higher than those in training. This discrepancy highlights 
the importance of generalization in a univariate forecasting framework based solely on significant lag 
variables. Models that perform exceptionally well during training may not necessarily maintain the same 
level of accuracy on unseen data. The stronger performance of LightGBM with Optuna optimization on 
the test data suggests that it was better able to produce consistent predictions beyond the training period. 

Figure 7. Comparison of GBM and LightGBM performance on testing data 

The visualization in Figure 7 provides a clearer picture representation of how each model follows 
the movement of rice prices over time. Overall, both models are able to capture the general direction of 
price changes, particularly during periods characterized by gradual trend. However, differences between 
models become apparent during episodes of sharper price movements, such as sudden increase 
decreases. LightGBM tends to generate smoother and more stable over time. Its estimated values remain 
close to the actual data not only under normal conditions but also around turning points, including 
periods when prices peak and subsequently decline. This shows that LightGBM is able to adjust its 
predictions more consistently when the underlying price of the data shifts. Conversely, GBM shows 
larger gaps between predicted and actual values during certain periods. This is most visible after the 
price reaches a peak, where the model reacts more slowly to the downward trend. As a result, the 
predictions tend to lag behind actual price movements, creating wider prediction errors. This indicates 
that GBM faces greater difficulty in adapting to rapid changes in trend direction. 

Based on the overall evaluation results, the LightGBM model with Optuna optimization is selected 
as the best-performing model. While GBM achieves very low error values on the training data, the 
decline in its performance on the testing data highlights the importance of generalization when 
evaluating forecasting models. LightGBM, in contrast, maintains more consistent performance between 
training and testing data. Moreover, it requires less computation time, making it more efficient. These 
factors indicate that LightGBM is more reliable for practical forecasting of rice prices. 
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Figure 8. Model fitting and rice price forecasting results 

Figure 8 illustrates the comparison between actual values, fitted values, and forecast results. The 
model demonstrates a strong ability to replicate historical patterns, as indicated by the close alignment 
between fitted values and actual observations. In the forecasting period, the predicted values show a 
relatively stable trend without extreme fluctuations. This suggests that, in the short term, rice prices are 
expected to remain relatively stable with only minor variations. The absence of sharp increases or 
decreases indicates that no strong signals of significant market disruption are detected based on historical 
patterns learned by the model. 

4. Conclusion 

The evaluation results show that the Gradient Boosting Machine (GBM) model achieves very low 
error values on the training data, particularly after hyperparameter optimization using Optuna. However, 
this strong in sample performance does not translate well to the testing data, indicating a tendency 
toward overfitting. In contrast, the Light Gradient Boosting Machine (LightGBM) model demonstrates 
more stable and consistent performance on out-of-sample data, reflecting superior generalization 
capability. 

Based on the evaluation results on the testing data, the LightGBM model with hyperparameter 
optimization achieves the best performance, with an RMSE of 66.389, MAE of 50.213, and MAPE of 
0.362%. In addition to higher accuracy, LightGBM also exhibits greater computational efficiency, with 
a significantly faster training time compared to the GBM model. Therefore, the LightGBM Optuna 
model is selected as the best model for forecasting rice commodity prices in Indonesia. Rice price 
forecasting using the LightGBM Optuna model for the 89-day period (February to April 2026) indicates 
that prices are expected to remain relatively stable in the short term, ranging from IDR 13,360/kg to IDR 
13,395/kg. This suggests that over the next three months, rice prices are predicted to move within a 
narrow and controlled range, with no indication of extreme price changes based on the historical patterns 
learned by the model. 
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