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Abstract- Commodity price prediction is a vital aspect of supporting decision-making because price fluctuations can create uncertainty 

for businesses and stakeholders. This study aims to compare the performance of several machine learning algorithms for commodity 

price prediction, namely Random Forest, XGBoost, Support Vector Regression (SVR), Gradient Boosting, and Stacking Ensemble. 

Model performance was evaluated using Mean Absolute Error (MAE), Root Mean Square Error (RMSE), Mean Absolute Percentage 

Error (MAPE), and the coefficient of determination (R²). The experimental results show that Gradient Boosting achieved the best 

overall performance, with an RMSE of 219.07 and an R² of 0.9968, while Random Forest had the lowest MAE of 65.98. The Stacking 

Ensemble also demonstrated competitive performance, achieving an RMSE of 253.07 and an R² of 0.9958. In contrast, SVR produced 

the lowest performance, with an RMSE of 1,919.65 and an R² of 0.7555. Based on these results, Gradient Boosting was selected as the 

most optimal model because it provided the lowest prediction error and the highest ability to explain data variation. These findings 

demonstrate that selecting an appropriate machine learning algorithm plays a crucial role in improving commodity price prediction 

performance. 
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1. INTRODUCTION 

Agricultural commodity prices are a key indicator in the food system and the economy, as price fluctuations influence 

production decisions, trade, producer income, consumption, and government policy. Commodity price dynamics have 

become increasingly complex due to rising economic uncertainty, shifts in global demand, supply chain disruptions, 

changes in input costs, and instability in international markets. Research on global food prices indicates that monetary 

factors, energy prices, changes in production, demand expectations, and geopolitical risks can contribute to fluctuations 

in food prices. These conditions make price forecasting crucial not only for trade purposes but also to support risk 

management and decision-making within the agricultural supply chain[1], [2]. 

From an economic perspective, commodity price formation can be understood through the interaction between 

supply and demand within a dynamic market environment. However, the characteristics of agricultural commodities mean 

that this mechanism does not always result in simple price patterns, as agricultural products vary in quality, variety, 

production location, market conditions, and the degree of interregional connectivity. Research by Brignoli et al. shows 

that predicting agricultural commodity prices holds strategic value for supply chain actors, as more accurate price 

information can be used for marketing decisions, risk management, and investment. At the same time, this research 

confirms that the use of machine learning offers opportunities to improve the accuracy of out-of-sample predictions for 

complex commodity prices[3], [4], [5]. 

Advances in artificial intelligence and machine learning offer new approaches to modeling the nonlinear 

relationships between commodity characteristics and prices. Unlike statistical models, which generally require specific 

assumptions about the form of the relationship between variables, machine learning can learn complex patterns from 

combinations of numerical and categorical variables[6], [7]. Further developments have led to the use of ensemble 

learning to obtain more robust predictive models. Ensemble learning combines multiple models to leverage their different 

learning characteristics, so that the weaknesses of one model can be compensated for by another. Research by Ribeiro 

and Coelho demonstrates that ensemble approaches based on bagging, boosting, and stacking can be used for short-term 

predictions in agribusiness time series, with ensemble performance that, in some cases, outperforms individual models 

such as SVR, KNN, and MLP [8]. Recent studies also indicate that the boosting ensemble approach remains a relevant 

area in agricultural product price forecasting because it is capable of handling volatile and complex price patterns [9], 

[10]. 

On a practical level, participants in the agricultural commodity supply chain face challenges such as price 

uncertainty and price differences across regions and markets. Farmers and traders need price information to help them 

determine the timing and location of sales, while policymakers need information to understand price dynamics and design 

more targeted market interventions. Differences in market characteristics, commodities, varieties, and grades mean that 

the market price of a product can vary even within the same commodity category. Studies on regional food price dynamics 

show that price patterns can form distinct regional clusters, making it important to consider geographic and market 

characteristics in price analysis [11], [12]. 

Another issue is the limitation of predictive models that rely solely on a single algorithm or a few price variables. 

Such approaches may not fully capture the complex relationships between market characteristics and product 
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characteristics. For users of price information, models that only produce predicted values without identifying the factors 

contributing to those predictions also have limitations in supporting decision-making. Machine learning-based research 

using SHAP demonstrates that interpretability can be used to identify the contributions of various factors to changes in 

food prices. Therefore, there is a need for predictive models that not only have high accuracy but are also capable of 

simultaneously utilizing market and product characteristics and can be objectively compared with individual models. 

The study by Sari et al. [13] developed various optimized machine learning techniques to predict agricultural 

commodity prices. This study is highly relevant because it demonstrates that machine learning optimization can improve 

price prediction capabilities. However, that study focused more on evaluating various optimized techniques, whereas this 

study focuses on developing an ensemble stacking method that integrates multiple base learners by simultaneously 

utilizing market and product characteristics. Thus, the difference lies in the model combination strategy and the 

construction of predictor information used. 

Brignoli et al. [14] developed a machine learning model to predict grain futures prices and emphasized the 

importance of out-of-sample evaluation. Their study provides a crucial foundation demonstrating that machine learning 

can be applied in the context of agricultural economics and price forecasting. However, their research focused on futures 

prices and the characteristics of the futures market, whereas this study uses agricultural commodity price data that includes 

both market and product attributes such as region, market, commodity, variety, grade, minimum price, and maximum 

price. This study thus broadens the focus from market-series-based price prediction to capital-based price prediction using 

market and product characteristics. 

Ribeiro and Coelho [15] demonstrated that a combination of bagging, boosting, and stacking can yield better 

forecasting performance in several agribusiness cases compared to individual models. The contributions of that study 

form an important basis for the use of ensemble methods in this research. However, the study by Ribeiro and Coelho 

focused on short-term forecasting of agribusiness time series, whereas this study emphasizes the integration of categorical 

information regarding markets and products into capital price regression models. Thus, the proposed study not only tests 

ensemble methods based on temporal patterns but also explores the contribution of market and product heterogeneity to 

price forecasting. 

Oktoviany et al. [16] used external factors to build a machine learning model for predicting agricultural commodity 

prices. That study demonstrated the importance of incorporating additional information beyond historical prices when 

building predictive models. However, that approach focused on price state prediction, whereas this study uses modal price 

as the target for continuous regression. Furthermore, this study integrates market geographic characteristics and product 

characteristics as predictor variables and combines several base learners through ensemble stacking. In a recent study, 

Zhang et al. [17] used a boosting ensemble to predict agricultural product prices and demonstrated that the boosting 

approach can provide accurate predictions for price data characterized by high volatility and complex patterns. This study 

reinforces the relevance of ensemble learning in agricultural price forecasting. However, boosting and stacking employ 

different mechanisms for combining models. Boosting builds models sequentially to correct the errors of previous models, 

whereas stacking combines the predictions of multiple models through a meta-learner. This study capitalizes on these 

differences by combining Random Forest, XGBoost, Support Vector Regression, and Gradient Boosting as base learners 

and then using a meta-learner to generate the final prediction.[18], [19]. 

Based on these five previous studies, it can be stated that prior research has demonstrated the potential of machine 

learning, model optimization, external factors, boosting, and stacking in commodity price prediction. However, there 

remains room for research to develop models that specifically integrate market characteristics and product characteristics 

as predictors of commodity prices and combine multiple algorithms using a stacking ensemble approach. The research 

gap in this study lies in the suboptimal integration of market heterogeneity, product characteristics, and a combination of 

regression models within a single framework for predicting the spot price of agricultural commodities. Therefore, this 

study proposes the ensemble stacking approach to reduce reliance on a single algorithm and obtain more accurate and 

robust predictions. 

This study aims to develop a price prediction model for agricultural commodities by utilizing market and product 

characteristics as predictor variables. Market characteristics include information on the region and market location, while 

product characteristics include the commodity, variety, and grade. The models were built using several machine learning 

algorithms—namely, Random Forest, XGBoost, Support Vector Regression, and Gradient Boosting—which were then 

combined using the ensemble stacking approach. 

Specifically, this study aims to compare the performance of individual models with the ensemble stacking 

approach based on MAE, RMSE, MAPE, and R², as well as to identify the model that produces the best predictive 

performance. The study also aims to analyze the contribution of market and product characteristics to the prediction 

results so that the resulting model is not only accuracy-oriented but also provides relevant information for understanding 

the formation of agricultural commodity prices. 

This study is expected to provide both academic and practical benefits. Academically, the study contributes to the 

development of ensemble machine learning applications in agricultural commodity price forecasting by integrating 

market and product information. Practically, the resulting model can serve as the basis for developing information systems 

or decision support systems for farmers, traders, supply chain actors, and policymakers in analyzing prices and reducing 

uncertainty in agricultural commodity trading decisions. The interpretability approach can also be used to identify the 

variables that contribute most significantly to prediction results, making the model’s information easier to apply in 

economic and agribusiness contexts. 
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2. RESEARCH METHODOLOGY 

This study employs a quantitative approach with a machine learning-based experimental design to optimize price 

predictions for agricultural commodities. The research stages consist of dataset preparation, data understanding, data 

cleaning, exploratory data analysis (EDA), feature engineering, encoding, data splitting, base learner development, 

hyperparameter optimization, ensemble stacking, evaluation, and interpretation. Each stage is carried out sequentially to 

ensure that the data used is of sufficient quality and that the resulting model is capable of providing accurate and 

interpretable predictions. The overall research workflow is shown in Figure 1. 

 

Figure 1. Research Workflow 

The dataset contains market and product characteristics, namely State, District, Market, Commodity, Variety, 

Grade, Min Price, and Max Price, with Modal Price as the target variable. The data was processed by checking for missing 

values, duplicates, data type mismatches, and outliers. Next, exploratory data analysis (EDA) was conducted to identify 

the distributions and relationships among variables. Feature engineering was performed by creating relevant derived 

features, such as Price Range and Mid Price. Categorical variables were then converted to numerical form using 

appropriate encoding techniques. The entire preprocessing process was applied consistently to avoid data leakage.  

The data was split into training, validation, and testing sets. Four algorithms were used as base learners: Random 

Forest Regression, XGBoost Regression, Support Vector Regression (SVR), and Gradient Boosting Regression. Each 

base learner was optimized using Grid Search/Randomized Search and cross-validation to obtain the best configuration. 

Subsequently, the predictions from the base learners were combined using an ensemble stacking method with a meta-

learner. Out-of-fold predictions are used during the stacking training phase to prevent data leakage. Model performance 

is evaluated using MAE, RMSE, MAPE, and R². The best model is determined based on the lowest error value and the 

highest R². Next, an interpretation is performed using feature importance or SHAP to identify the contributions of market 

and product characteristics to price predictions. 

2.1 Random Forest Regression 

Random Forest Regression is an ensemble method that combines multiple decision trees to generate regression 

predictions. This method is capable of handling nonlinear relationships, interactions between variables, and data with 

high variability. In agricultural research, Random Forest has proven to be effective in predicting both yield and price 

variables because it can utilize many features simultaneously. The use of Random Forest in commodity forecasting also 

demonstrates that this method can serve as a strong benchmark against boosting algorithms [20]. 

2.2 XGBoost Regression 

XGBoost Regression is a gradient boosting algorithm that builds decision trees incrementally to correct the prediction 

errors of the previous model. XGBoost is widely used because it can handle nonlinear patterns and complex interactions 

between features and has a regularization mechanism to reduce overfitting. Recent research shows that XGBoost is 

capable of delivering high performance in agricultural prediction problems, especially when the variables used have 

complex relationships with the target [21]. 

2.3 Support Vector Regression (SVR) 

Support Vector Regression is a regression method based on Support Vector Machines that can handle nonlinear 

relationships through kernel functions. SVR works by finding a regression function whose error falls within a certain 

tolerance limit. The strength of SVR lies in its ability to generalize to datasets of relatively small to medium size. However, 

its performance is heavily influenced by kernel selection and parameters such as C, ε, and γ. Recent research also indicates 
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that SVR can be used for commodity prediction, but its results may be inferior to those of ensemble methods when the 

data exhibits highly complex patterns [22] 

2.4 Gradient Boosting Regression 

Gradient Boosting Regression is an ensemble method that builds models incrementally, where each new model is used to 

correct the errors of the previous model. This approach allows Gradient Boosting to capture nonlinear patterns and 

complex relationships in the data. Boosting methods are widely used in commodity forecasting because they can achieve 

high accuracy on data with complex characteristics. Therefore, Gradient Boosting is used in this study to be compared 

with Random Forest, XGBoost, and SVR in determining the most suitable model for commodity price forecasting [21] 

3. RESULTS AND DISCUSSION 

3.1 Data Preprocessing and Characteristics 

The preprocessing stage was conducted to ensure that the agricultural commodity price data was in a condition suitable 

for use in the modeling process. The stages included checking for missing values, removing duplicate data, validating 

price values, transforming data types, and creating new features. Feature engineering produced the “Price Range” variable 

as the difference between the maximum and minimum prices and the “Mid Price” as the midpoint between those two 

prices. Categorical variables representing market and product characteristics were then transformed using one-hot 

encoding. 

The processed data is then divided into an 80% training set and a 20% testing set. Feature transformation is 

performed on the training data and applied to the testing data to prevent data leakage. These steps produce data ready for 

use in building Random Forest, XGBoost, SVR, Gradient Boosting, and Stacking Ensemble models. 

Table 1. Dataset 

State District Market Commodity Variety 
Grad

e 

Min 

Price 

Max 

Price 

Base 

Price 

Andhra 

Pradesh 
Chittor Chittoor Gur (Jaggery) No. 2 FAQ 3200.0 

3,400.

0 
3200.0 

Andhra 

Pradesh 
Chittor Chittoor Mango Neelam 

Medi

um 
700.0 

1,500.

0 

1,200.

0 

Andhra 

Pradesh 
Chittor Chittoor Mango Totapuri 

Medi

um 
1400.0 

1,800.

0 

1,600.

0 

Andhra 

Pradesh 

Cuddapa

h 

Cuddap

ah 
Groundnut Local FAQ 4059.0 7589.0 

7,559.

0 

Andhra 

Pradesh 

Cuddapa

h 

Cuddap

ah 
Turmeric Bulb FAQ 4778.0 

6,160.

0 

5,845.

0 

Andhra 

Pradesh 

Cuddapa

h 

Cuddap

ah 
Turmeric Finger FAQ 3012.0 

6,619.

0 

6,175.

0 

Andhra 

Pradesh 

East 

Godavari 

Peddapu

ram 

Paddy (Dhan) 

(Common) 
1001 FAQ 2040.0 2050.0 2045.0 

Andhra 

Pradesh 

East 

Godavari 

Pithapur

am 

Paddy (Dhan) 

(Common) 
1001 FAQ 2040.0 2060.0 2050.0 

Andhra 

Pradesh 

East 

Godavari 

Prattipa

du 

Paddy (Dhan) 

(Common) 
1001 FAQ 2040.0 2060.0 2050.0 

Andhra 

Pradesh 

East 

Godavari 

Sampar

a 

Paddy (Dhan) 

(Common) 

Swarna Masuri 

(New) 
FAQ 2150.0 2200.0 2180.0 

Andhra 

Pradesh 
Guntur 

Duggira

la 
Turmeric Bulb FAQ 5600.0 

6,300.

0 

6,000.

0 

Andhra 

Pradesh 
Guntur 

Duggira

la 
Turmeric Finger FAQ 5725.0 

6,300.

0 

6,000.

0 

Andhra 

Pradesh 
Guntur Tenali 

Black Gram (Urd 

Beans) (Whole) 

Black Gram 

(Whole) 
FAQ 8100.0 8300.0 8200.0 

Andhra 

Pradesh 
Guntur Tenali Lemon Lemon FAQ 1000.0 

2,500.

0 

1,500.

0 

Andhra 

Pradesh 
Kurnool Alur Jowar (Sorghum) Jowar (White) FAQ 3020.0 3080.0 3050.0 

Andhra 

Pradesh 
Kurnool Kurnool Groundnut Local FAQ 6089.0 

7,921.

0 
7509.0 
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3.2 Model Comparison Results 

Test results for Random Forest, XGBoost, SVR, Gradient Boosting, and Stacking Ensemble show differences in 

performance among the algorithms in predicting the capital prices of agricultural commodities. The evaluation used MAE, 

RMSE, MAPE, and R². Lower MAE, RMSE, and MAPE values indicate smaller prediction errors, while a higher R² 

indicates the model’s better ability to explain price variations. 

Tabel 2. Comparison Results 

Model MAE RMSE MAPE (%) R² 

Random Forest 65.98 279.09 451.10 0.9948 

XGBoost 99.00 633.27 132.80 0.9734 

SVR 222.27 1,919.65 87.77 0.7555 

Gradient Boosting 74.04 219.07 271.94 0.9968 

Ensemble Stacking 85.65 253.07 292.09 0.9958 

Based on the test results, Gradient Boosting demonstrated the best overall performance, with an RMSE of 219.07 

and an R² of 0.9968. These values indicate that the model was able to produce the lowest prediction error based on RMSE 

and explain approximately 99.68% of the variation in capital prices in the test data. Meanwhile, Random Forest produced 

the lowest MAE of 65.98, indicating the smallest mean absolute error. XGBoost produced an R² of 0.9734 with an RMSE 

of 633.27, while SVR produced the highest RMSE of 1,919.65 and the lowest R² of 0.7555. These results show that tree-

based ensemble models are better able to capture nonlinear patterns and interactions between variables in the dataset 

compared to SVR. 

Stacking Ensemble produced an R² of 0.9958 and an RMSE of 253.07. Although it performed very well, Stacking 

Ensemble did not outperform Gradient Boosting. The RMSE of Stacking Ensemble was approximately 15.52% higher 

than that of Gradient Boosting. These findings suggest that combining multiple base learners does not always improve 

accuracy, especially when one of the individual models is already capable of representing the data patterns very well. 

MAPE values must be interpreted with caution due to significant differences among models. A high MAPE can be 

influenced by the presence of small actual values; therefore, this metric is not used as the sole basis for model selection. 

Based on a combination of MAE, RMSE, and R², Gradient Boosting was determined to be the best-performing model in 

this study. 

3.3 Analysis of the Best Model 

Based on the test results, Gradient Boosting is the model with the best performance in predicting the capital prices of 

agricultural commodities. This model yields an MAE of 74.04, an RMSE of 219.07, a MAPE of 271.94%, and an R² of 

0.9968. The lowest RMSE and highest R² compared to other models indicate that Gradient Boosting is capable of 

producing predictions that most closely approximate the actual values while explaining approximately 99.68% of the 

price variation in the test data. 

The advantages of Gradient Boosting demonstrate that the boosting approach is capable of capturing the nonlinear 

relationships between market and product characteristics and commodity prices. The stepwise model-building process 

allows each weak learner to correct the errors of the previous model, enabling more effective learning of complex patterns 

in the data. This is one of the reasons Gradient Boosting is able to produce a lower RMSE compared to Random Forest, 

XGBoost, SVR, and Stacking Ensemble. When compared to Random Forest, Gradient Boosting has a slightly higher 

MAE—74.04 versus 65.98—but produces a lower RMSE—219.07 versus 279.09—as well as a higher R²—0.9968 versus 

0.9948. These results indicate that Random Forest has a smaller average absolute error ( ), but Gradient Boosting is better 

at controlling large prediction errors. Therefore, Gradient Boosting was selected as the best model based on a combination 

of evaluation metrics. 

These results also show that Ensemble Stacking has not yet yielded a performance improvement. Stacking 

produced an RMSE of 253.07 and an R² of 0.9958, while Gradient Boosting produced an RMSE of 219.07 and an R² of 

0.9968. Thus, in this research dataset, the use of multiple base learners has not yet been able to outperform Gradient 

Boosting as a single model. This finding demonstrates that more complex models do not always yield higher accuracy. A 

model’s success is heavily influenced by data characteristics, feature selection, hyperparameter configuration, and the 

algorithm’s ability to capture patterns of relationships among variables. In the context of this study, Gradient Boosting 

provided the most consistent results and can therefore be established as the primary model for predicting agricultural 

commodity prices based on market and product characteristics. 

3.4 Evaluation of Stacking Ensemble 

The Stacking Ensemble produced an MAE of 85.65, an RMSE of 253.07, a MAPE of 292.09%, and an R² of 0.9958. This 

R² value indicates that the Stacking Ensemble still possesses very high predictive capability. However, the test results 

show that this model has not yet been able to outperform Gradient Boosting. 

Table 3. Comparison of Gradient Boosting and Stacking Ensemble 
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Metrics Gradient Boosting Stacking Ensemble Changes 

MAE 74.04 85.65 −15.67% 

RMSE 219.07 253.07 −15.52% 

R² 0.9968 0.9958 −0.10% 

Based on Table 2, the RMSE of the Stacking Ensemble, at 253.07, is higher than that of Gradient Boosting, at 

219.07, representing a performance decline of approximately 15.52%. The MAE also increased from 74.04 to 85.65, 

while R² decreased from 0.9968 to 0.9958. Thus, the complexity of the Stacking Ensemble model has not provided a 

predictive advantage in this study’s configuration. These findings indicate that adding multiple base learners does not 

always result in more accurate predictions. If individual models are already capable of capturing the main patterns in the 

data effectively, combining multiple models may offer limited benefits. In this study, Gradient Boosting actually produced 

more consistent results than the Stacking Ensemble. 

3.5 Analysis of Actual vs. Predicted Values and Residuals 

The Actual vs. Predicted visualization is used to evaluate how closely the predicted results align with the actual values. 

Points that are closer to the diagonal line y=x indicate a higher level of prediction accuracy. 

In Gradient Boosting, an R² value of 0.9968 indicates that the predicted points generally align very closely with the actual 

values. This finding reinforces the numerical evaluation results showing that Gradient Boosting is capable of tracking 

capital price variations effectively. The deviations still observed in some observations suggest that certain price variations 

cannot yet be fully explained by the market and product characteristics used. 

  

Figure 2. Visualization of Actual vs. Predicted 

Figure 2 shows a comparison between the actual price (Actual Modal Price) and the predicted price (Predicted 

Modal Price) from five models. The dashed line represents the ideal condition, where the predicted value is equal to the 

actual value. In general, Random Forest, XGBoost, Gradient Boosting, and Stacking Ensemble have data points that are 

fairly close to the ideal line, especially at lower price values, indicating that these models are capable of providing 

predictions that are fairly close to the actual values. Gradient Boosting and Stacking Ensemble appear to exhibit a fairly 

good pattern, as their prediction points follow the diagonal line relatively consistently, even at higher prices. Random 

Forest also shows fairly good results, although there are a few points that begin to deviate at certain price levels. XGBoost 

still follows the ideal line pattern, but some deviations are visible at higher prices. Meanwhile, SVR shows the most 

obvious deviation, especially as the actual price rises, because its predicted values tend to plateau at a certain range and 

no longer follow the increase in the actual price. Thus, based on this visualization, Gradient Boosting and Stacking 

Ensemble appear to be the most consistent in tracking actual values, while SVR has limitations in predicting prices in the 

high-value range. 

Residual analysis is used to identify patterns of model error through the difference between actual and predicted 

values: A good model is expected to produce residuals that are scattered around zero without forming any specific pattern. 

Based on the residual visualization, an evaluation is conducted to determine whether the prediction errors tend to be 

systematic or random. 
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If the Gradient Boosting residuals are scattered relatively randomly around the zero line, the results indicate that the model 

has been able to capture the main patterns in the data. Conversely, if there is a specific pattern, this may indicate the 

presence of information not yet represented in the model, such as seasonal factors, supply and demand, distribution, or 

external market conditions. 

 

 

Figure 3. Residuals 

Based on the residual plot, it can be seen that most of the residuals for all five models are clustered around the zero 

line, indicating that the prediction results are generally quite close to the actual values. However, there are still some 

points with relatively large residuals or outliers. In Random Forest and XGBoost, there are several quite extreme negative 

outliers, while SVR has several very high positive outliers. Gradient Boosting exhibits a relatively more controlled 

residual pattern, while Stacking Ensemble has a residual distribution that is quite close to the zero line and relatively 

fewer outliers. Overall, this graph shows that Stacking Ensemble and Gradient Boosting have more stable residual patterns 

compared to the other models, although determining the best model still requires examining evaluation results based on 

MAE, RMSE, and R² values. 

 

Figure 4. Actual vs. Predicted Based on Data Order 
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Figure 4 shows a comparison between the actual capital price (Actual) and the predicted capital price (Predicted) 

from the Stacking Ensemble model for each observation. In general, the actual and predicted lines appear quite close for 

most observations, particularly in the price range of approximately 2,000–10,000, indicating that the model is able to 

follow the actual price pattern quite well. However, for some observations, there are significant spikes in the predicted 

values—for example, around observations 400, 660, 800, 850, and 900—where the predicted values are much higher than 

the actual values. This indicates that the model still experiences prediction errors for certain data points with specific price 

characteristics, particularly at extreme values. Despite these deviations, the overall prediction pattern still follows actual 

price changes and does not show significant discrepancies in the majority of observations. Thus, the Stacking Ensemble 

can be considered reasonably capable of predicting stock prices, but attention must still be paid to the presence of some 

outliers that cause predictions to be excessively high at certain observations. 

4. CONCLUSION 

Based on the research results, Gradient Boosting is the best model for predicting commodity prices compared to Random 

Forest, XGBoost, SVR, and Stacking Ensemble. The Gradient Boosting model produced the lowest RMSE of 219.07 and 

the highest R² of 0.9968, indicating the model’s ability to explain approximately 99.68% of the data’s variation. Although 

Random Forest has the lowest MAE value of 65.98, overall, Gradient Boosting provides the most optimal performance 

based on a combination of key evaluation metrics. Stacking Ensemble also demonstrates excellent performance with an 

R² of 0.9958 and an RMSE of 253.07, but it has not yet been able to surpass Gradient Boosting. Meanwhile, SVR showed 

the lowest performance with an RMSE of 1,919.65 and an R² of 0.7555. Thus, Gradient Boosting can be considered the 

most effective model for prediction on this research dataset.  
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