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 The oyster mushroom is one of the potential agricultural products that can be 

developed as an alternative to other agricultural products, to maintain 

Indonesia's economic condition. However, the production of oyster 

mushrooms remains low and falls short of the minimum amount of market 

demand. This study employs a machine learning (ML)–based approach to 

identify the key parameters influencing oyster mushroom production rates. 

Recursive feature elimination (RFE) was applied to reduce the initial 19 

features to nine, enabling faster processing while maintaining high predictive 

accuracy. The results showed that agricultural features showed a high 

contribution rather than environmental, economic, and demographic 

features. Furthermore, these parameters were related to the train-test analysis 

to visualize the statistical analysis shown by the best method, adaptive 

boosting (AdaBoost), with coefficient of determination (R2), mean squared 

error (MSE), and mean absolute error (MAE) values of 0.997575, 0.009841, 

and 0.085884, respectively. Related research relevant to the research 

findings was analyzed to validate that agricultural product features affect the 

decline of oyster mushroom production. Other supported research conducted 

by integrating real-time analysis and twin digital models, which can enhance 

substrate quality. 

Keywords: 

Agricultural production 

Growth factors 

Machine learning 

Oyster mushroom 

Recursive feature elimination 

This is an open access article under the CC BY-SA license. 

 

Corresponding Author: 

Yosef Budiman 

Department of Mechanical and Automotive Engineering, Faculty of Vocational Studies 

Universitas Negeri Yogyakarta 

Mandung Street, Pengasih, Kulon Progo, Yogyakarta 55652, Indonesia 

Email: yosefbudiman.2020@student.uny.ac.id 

 

 

1. INTRODUCTION 

Indonesia has become one of the notable contributors to the cultivation of oyster mushrooms 

(Pleurotus ostreatus) [1]. Oyster mushrooms are recognized for their nutritional value, relatively simple 

cultivation methods, and economic potential, especially for small to medium-scale farmers [2]. Despite these 

favorable conditions, according to the Regulation of the Minister of Villages, Development of Remote Areas, 

and Transmigration No. 2 of 2016 on the indeks pembangunan desa (village development index), the most 

widely cultivated agricultural resources are rice, chilies, petsai, tomatoes, and red onions [3]. This condition 

is a challenge for local mushroom farmers to maintain their economic condition. In response to these 

challenges, several research employs data-driven methods and advanced analytics to identify the key factors 

https://creativecommons.org/licenses/by-sa/4.0/


Int J Artif Intell  ISSN: 2252-8938  

 

Data-driven analysis of growth factors in oyster mushroom cultivation: a case study … (Yosef Budiman) 

3569 

limiting yield and profitability. Despite the availability of multivariate accuracy, yield prediction remains 

challenging due to data heterogeneity, data noise, nonlinear interactions between factors (feature relevance), 

and changing conditions that reduce model generalizability [4]. 

Advances in technology and data analytics have begun to influence traditional agricultural methods 

as approaches to investigate and inform decision-making. Relevant research was carried out by Sarkar et al. 

[5] who examined the internal factors which affect oyster mushroom’s growth cultivation, including color 

features, texture, contrast, energy, and homogeneity, to assess the standard and quality of fresh product by 

leveraging artificial neural network (ANN) and principal component analysis (PCA). Beyond ANN-PCA 

approaches, recent work on classification of mushroom which is conducted by Kumar et al. [6] for 

mushrooms extracted hand-crafted gray-level co-occurrence matrix (GLCM) texture features. While 

valuable, this line of work emphasizes shallow, a single split (no k-fold cross-validation/external validation), 

and lacks model interpretability that limit stability. Moreover, Arslan et al. [7] also carried out supervised 

learning of oyster mushroom study, particularly a separate tabular edibility benchmark compares ensemble 

classifiers on the cleaned University of California, Irvine (UCI) mushroom dataset using a broad metric suite, 

but features confined to morphology/edibility attributes rather than agronomic or economic drivers of 

cultivation decisions. 

Bridging the gaps from previous research, our study aims to uncover the main factors affecting 

oyster mushroom production, particularly in Indonesia, with multivariate agricultural, environmental, and 

market covariates; employs recursive feature elimination (RFE) for stable feature selection; uses 10-fold 

cross-validation for reliability; and provides explainability via Shapley additive explanation (SHAP) and 

partial dependence plot (PDP), yielding transparent, decision-oriented insight. The research addresses these 

challenges using various ensemble models which are developed as a strong novelty. Furthermore, this study 

extend the features into some external factors, such as environmental factors, market demands, and market 

price indicators, as a research gap. This approach offers insights into how data-driven strategies are shaping 

the future of Indonesia’s oyster mushroom industry, aiming to optimize yield and improve the profitability of 

farmers and agripreneurs in rural areas in Indonesia. Through this study, other relevant studies are examined 

as a validation to strengthen and support the research.  

In this context, artificial intelligence (AI) for agriculture, particularly machine learning (ML), 

enables adaptive learning from multivariate data to uncover hidden and nonlinear relationships among 

production factors [8]. The integration of RFE with ensemble learning represents an AI-driven strategy that 

systematically prioritizes the most influential agricultural indicators affecting oyster mushroom yield. 

Beyond its technical contribution, this research aligns with broader AI themes in sustainable and ethical 

technology development.  

The proposed framework advances precision agriculture and sustainability-oriented AI by enabling 

more efficient resource use and supporting data-driven decision-making in smart farming, thereby 

contributing to long-term food security [9]. It also embodies a human-in-the-loop approach, where AI outputs 

are designed to assist rather than replace [10]. Furthermore, the incorporation of explainable artificial 

intelligence (XAI) principles strengthens the study’s contribution to responsible AI by promoting 

transparency, accountability, and fairness [11]. Together, these elements situate the research within the global 

discourse on sustainable and ethical AI applications.  

 

 

2. METHOD 

The overall framework integrates these AI dimensions throughout the research workflow with 

interpretability analysis as a modular AI pipeline for crop yield prediction as shown in Figure 1. During the 

model-training stage, ensemble learning algorithms are utilized to improve robustness against variations in 

environmental conditions, seasonal patterns, and market dynamics. In the interpretation stage, XAI is applied 

through SHAP to transparently assess the contribution of each input feature to the model’s final  

prediction [12]. PDPs are also employed to estimate the marginal effects of individual independent variables 

on the predicted outcomes [13]. To enhance model reliability and generalizability, cross-validation is 

incorporated throughout the training and validation processes. This configuration ensures full methodological 

transparency, robustness, and reproducibility of the analytical pipeline. 

 

2.1.  Data preprocessing 

Data preprocessing is a method to prepare a dataset by removing unnecessary features, changing 

data types, and handling missing values. Data preprocessing, which involves data processing, is essential to 

ensure an effective learning process. This preprocessing stage involves cleaning rows and columns, encoding 

features, normalizing the data, and addressing missing values.  

 

 



      ISSN: 2252-8938 

Int J Artif Intell, Vol. 15, No. 4, August 2026: 3568-3580 

3570 

 
 

Figure 1. Architectural diagram for the proposed framework (ML-pipeline) 

 

 

2.2.  Exploratory data analysis 

Exploratory data analysis (EDA) is a crucial stage of data analysis that employs statistical and 

visualization methods to investigate datasets, identify underlying patterns and anomalies, evaluate 

hypotheses, and verify analytical assumptions. Despite its usefulness as an initial analytical tool, EDA is 

generally insufficient for establishing causality or fully explaining complex interactions among variables. Its 

findings should therefore be supported by confirmatory procedures and more robust statistical techniques 

before firm conclusions are drawn. Nevertheless, EDA remains useful for uncovering the structure and 

characteristics of a dataset, detecting outliers, and identifying potentially influential variables. 

 

2.3.  Heat map correlation 

A correlation matrix is a statistical tool used to assess the direction and magnitude of linear 

associations between input features and the target variable [14]. Each entry in the matrix contains a 

correlation coefficient, commonly Pearson’s (r), for a specific pair of variables. The coefficient ranges from  

-1 to 1, where positive values indicate that the variables tend to increase together, negative values indicate an 

inverse relationship, and values near zero suggest little or no linear association. By analyzing the heat map, 

this study identify which features have a strong positive or negative correlation with the response variable, 

thus helping in feature selection and engineering, which can affect model performance and interpretation. 

 

2.4.  Recursive features elimination 

RFE is a wrapper-based feature selection method commonly applied to identify variables that are 

most strongly associated with a target outcome, including in remote-sensing datasets [15]. The procedure 

repeatedly fits the prediction model, ranks the features according to their estimated importance or coefficient 

weights, and removes the least influential variables at each iteration. Through this iterative elimination 

process, RFE produces an optimal subset of relevant features for subsequent model development. 

 

2.5.  Model performance evaluation 

2.5.1. Train and test 

The performance and predictive accuracy of the regression model were evaluated using mean 

squared error (MSE), mean absolute error (MAE), and the coefficient of determination (R2). These evaluation 

metrics were applied to the model-training results to determine how closely the predicted values matched the 

observed data. Among these measures, MSE calculates the average squared difference between actual and 

predicted values. Because the errors are squared, larger prediction deviations receive greater penalties, as 

expressed in (1). Desired value: 0, closer is better. 

 

𝑀𝑆𝐸 =  
1

𝑚
∑ (𝑋𝑖 − 𝑌𝑖)

2𝑚
𝑖=1  (1) 

 

On the other hand, MAE is suitable when outliers affect a specific subset of data, as it does not 

penalize them too much during training. As a result, MAE offers a general and limited performance metric 



Int J Artif Intell  ISSN: 2252-8938  

 

Data-driven analysis of growth factors in oyster mushroom cultivation: a case study … (Yosef Budiman) 

3571 

for evaluating models. However, if the test data still contains many outliers, the model performance may 

remain average, as illustrated in (2). Desired value: 0, closer is better. 

 

𝑀𝐴𝐸 =  
1

𝑚
∑ |𝑋𝑖 − 𝑌𝑖|

𝑚
𝑖=1  (2) 

 

Eventually, the R2 indicates the proportion of variability in the dependent variable that is accounted for by the 

independent variables, as presented in (3). Desired value: 1, closer is better. 

 

𝑅2 = 1 − 
∑ (𝑋𝑖−𝑌𝑖)2𝑚

𝑖=1

∑ (𝑌̅−𝑌𝑖)2𝑚
𝑖=1

 (3) 

 

In this formulation, (𝑋𝑖) and (𝑌𝑖) represent the observed and predicted values of the response variable for the 

i-th data point, respectively. The dataset is commonly partitioned into an 80% training subset and a 20% 

testing subset, allowing the model to be developed on one portion of the data and evaluated on previously 

unseen observations. 

 

2.5.2. Model evaluation and significance 

Python-based algorithms are developed to enable rapid prediction and evaluation using various 

regression techniques. These regression methods are applied to estimate extrapolated values from 

experimental data. In recent years, various regression approaches have been introduced, each with their own 

characteristics and working principles, consisting of several well-known methods. This research conducted a 

study that used several baseline and ensemble models as shown in Table 1, where each model was chosen 

due to its unique characteristics. Moreover, hyperparameter tuning was carried out performed for each 

ensemble model to achieve an optimal balance between bias and variance using grid/random search or 

default settings. This ensures that both training processes under different conditions are performed on the 

dataset to increase the reliability of the ML model.  

 
 

Table 1. Comparison of ensemble models as a benchmark study 
Model Suitable domain Tuned hyperparameters Performance behaviors 

Linear regression Traditional agronomy [16] Linear regression () (defaults) Baseline; fast, and 
interpretable 

Support vector 

regression 

ML-based yield prediction [17] SVR (kernel = 'rbf', C = 1.0, epsilon = 

0.1, gamma = 'scale') 

Handles nonlinearity and 

sensitive to scaling 
K-nearest neighbors ML-based yield prediction [18] KNeighbors regressor (n_neighbors = 5, 

weights = 'uniform', metric = 

'minkowski', p = 2) 

Non-parametric and local 

patterns 

Decision tree Digital agriculture [19] Decision tree regressor (max_depth = 5, 

random_state = 42) 

Interpretable rules and high 

variance 

Random forest ML-based yield prediction and 
digital agriculture [20] 

Random forest regressor (n_estimators = 
100, random_state = 42) (defaults: 

max_depth = none, max_features = 

'sqrt') 

Robust to noise and good 
out-of-bag (OOB) estimate 

Gradient boosting ML-based yield prediction [21] Gradient boosting regressor 

(n_estimators = 100, learning_rate = 0.1, 

max_depth = 3 (via base learner), 
subsample = 1.0, random_state = 42) 

Strong on tabular and watch 

overfit 

Ridge Traditional agronomy [22] Alpha = 1.0 Linear, interpretable and 

robust to multicollinearity Elastic Net Traditional agronomy [22] Alpha = 1.0, l1_ratio = 0.5 
Adaptive boosting 

(AdaBoost) 

ML-based yield prediction [18] n_estimators = 50, random_state = 42 

(base learner ≈ decision tree regressor 

(max_depth = 3) by default) 

Tree boosting excels on 

tabular agricultural data and 

many positive yield results 

 
 

2.5.3. Model loss metrics 

Model losses are plotted to monitor training and validation losses across time. This visualization 

makes it possible to evaluate the convergence behavior of the model and identify problems such as 

underfitting or overfitting. Loss functions quantify the discrepancy between a model’s predictions and the 

expected outputs, whereas performance metrics evaluate how accurately the trained model generalizes to 

previously unseen data [23]. A stable and decreasing loss curve indicates effective learning, whereas a 

distinct gap between training and validation losses may signal a model generalization problem. In addition, 

model error is evaluated by visualizing the residuals, which represent the differences between the observed 

and predicted values. This error distribution plot helps in understanding the bias and variance of the model 

which should be symmetrically distributed around zero.  
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3. RESULTS AND DISCUSSION  

3.1.  Dataset construction 

The dataset was prepared by entering certain values, most of which can be found on the Badan Pusat 

Statistik Nasional (National Central Bureau of Statistics) website. However, some values are difficult to 

discern due to a lack of data, especially during COVID-19, which halted almost all agricultural sector 

production. To overcome this limitation, the authors looked for other sources to obtain single and 

multivariable values that could be expanded using the bootstrap feature of the Python algorithm. With full 

consideration, the author reduced the use of 19 features to 12 features for fast processing and improving data 

accuracy with a size of 12×60, meaning the dataset consists of 12 columns and 60 rows.  

 

3.2.  Matrix correlation 

The heatmap matrix in Figure 2 presents the relationship between various environmental, economic, 

demographic, and agricultural variables. In particular, gross domestic product (GDP) and population are 

strongly positively correlated (0.93), indicating a direct relationship between economic growth and 

population growth. Similarly, the strong positive correlation between GDP and key agricultural outputs, such 

as cucumber production (0.94) and red onion production (0.94), implying that agricultural productivity can 

significantly influence or reflect economic conditions. In contrast, market demand shows a negative 

correlation with GDP (-0.85) and exchange rate (-0.85), which may reflect market fluctuations or the effects 

of inflation on purchasing power. Environmental factors such as CO and CO2 show negative correlations 

with GDP and agricultural variables, highlighting the potential adverse effects of air pollution on 

productivity. Overall, this correlation analysis provides important insights into the interdependence between 

environmental quality, economic indicators, and agricultural productivity, suggesting areas for targeted 

policy interventions and sustainable development. 

 

 

 
 

Figure 2. Heatmap matrix of features and target 
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3.3.  Feature score 

Prior to conducting further analyses, RFE was chosen as a tool to identify the most informative 

variables. Twelve candidate features were evaluated to determine the accuracy score based on the analysis of 

variance (ANOVA) score. The objective was to obtain an optimal feature combination for the binary 

intrusion-classification task. Surprisingly, the accuracy recovers sharply at the number of features 9, then 

fluctuates moderately as shown in Table 2. A noticeable drop occurs up to 19 due to overfitting or the 

inclusion of very detrimental features. This finding highlights the need for deliberate feature selection, since 

increasing the number of input variables does not necessarily improve model performance. Based on Table 2, 

the optimum features are nine that show certain accuracy and ANOVA score values are shown in Table 3. 

Table 3 complements this analysis by identifying the nine most influential features based on 

ANOVA scores, a statistical measure used to assess the discriminatory power of each feature. Tomato 

production had the highest ANOVA score (538.74), followed by red onion production (317.14) and 

cucumber production (65.41), indicating these agricultural variables contributed the most to prediction 

accuracy. Environmental, economic, and demographic features had lower ANOVA scores, indicating that 

they were less predictive in this context. The selection of these top nine features appears to align with the 

accuracy improvements seen in Table 2, reinforcing the critical role of feature selection in optimizing 

predictive model performance. 

 

 

Table 2. Certain value of dataset accuracy by using several features 
Number of selections Accuracy of dataset 

1 feature 0.9441 

2 features 0.8841 

9 features 0.9266 
19 features 0.7883 

 

 

Table 3. ANOVA score by RFE using nine features 
Selected features ANOVA score Contribution 

CO 12.24 Least 

CO2 7.80 Least 

Chili production 45.99 Medium 

Cucumber production 65.41 Medium 
GDP 9.80 Least 

Market demand 15.79 Least 

Population 8.54 Least 
Red onion production 317.14 Most 

Tomato production 538.74 Most 

 

 

3.4.  Comparison of different model performance 

As summarized in Table 4, AdaBoost demonstrated the strongest regression model performance. 

Compared with the baseline models (linear regression and ridge regression) the AdaBoost ensemble 

demonstrated markedly superior performance across all evaluation metrics. On the test set, AdaBoost 

achieved an R2 of 0.997575, an MAE of 0.085884, and a MSE of 0.009841, substantially outperforming 

linear regression (R2 = 0.828725; MAE = 0.409905; and MSE = 0.695075) and ridge regression  

(R2 = 0.988335; MAE = 0.179780; and MSE = 0.047339). To statistically verify that model performance 

differences were not due to random variation, 95% confidence intervals (CI) were calculated for each 

evaluation metric (MSE, MAE, and R2) using 10-fold cross-validation. The resulting narrow intervals 

(average ± 0.02) indicate stable performance across folds. Furthermore, a paired-samples t-test was 

performed to evaluate whether AdaBoost differed significantly from the baseline models (linear regression 

and gradient boosting). The test confirmed that AdaBoost’s improvement in predictive accuracy was 

statistically significant α = 10%) for all three metrics (p = 0.0696; p = 0.0993; and p = 0.0650), validating 

that the observed differences were not attributable to sampling noise. 

Furthermore, Figure 3 presents plots comparing actual versus predicted values for different 

regression models. The data points (before and after RFE) cluster near the diagonal across most models, 

indicating good predictive accuracy overall. Among all models, AdaBoost and k-nearest neighbors show the 

highest consistency, with predictions tightly grouped within the ± 0.5 band. Random forest and ElasticNet 

also perform well, with only slight dispersion at the extremes. In contrast, support vector regression exhibits 

systematic bias and large scatter away, indicating that it fails to capture the response reliably for this dataset. 

Meanwhile, decision trees exhibit high variance, with a much wider distribution than ensemble methods. This 
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is addressed by ensemble methods (random forest, gradient boosting, and AdaBoost) which reduce variance 

and improve generalization. 

 

 

Table 4. Comparison of regression models based on performance metrics 
Model performance Before optimization After optimization 

MSE MAE R2 MSE MAE R2 

Linear regression 0.462631 0.447101 0.837974 0.695075 0.409905 0.828725 

Ridge regression 0.065094 0.189278 0.977202 0.047339 0.179780 0.988335 
Elastic Net 0.013639 0.096639 0.995223 0.016319 0.118074 0.995979 

Gradient boosting 0.038329 0.121370 0.986576 0.037668 0.132797 0.990718 

Random forest 0.011721 0.084758 0.995895 0.014606 0.100595 0.996401 
Support vector regression 2.504196 0.880246 0.122962 3.847430 1.284726 0.051943 

Decision tree 0.085159 0.151301 0.970175 0.215162 0.256348 0.946981 

K-nearest neighbors 0.011720 0.083868 0.995895 0.011963 0.085771 0.997052 
AdaBoost 0.009868 0.080506 0.996544 0.009841 0.085884 0.997575 

 

 

 
 

Figure 3. Actual versus prediction values of oyster mushroom production through all models 

 

 

The high R2 values across ensemble models (particularly AdaBoost and random forest) indicate 

that the variance in oyster mushroom production is predominantly explained by agricultural variables 

rather than by environmental or economic factors. This finding suggests that mushroom yield dynamics in 
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Indonesia are highly sensitive to the productivity of complementary crops such as tomato, chili, and red 

onion, which share similar input resources and seasonal cycles. The strong predictive alignment across 

folds also reflects model robustness, meaning that the patterns identified are not random artifacts of data 

sampling but consistent relationships that generalize across regions. This interpretation aligns with the 

notion that agricultural co-movements and crop interdependencies form a key structural component of 

rural production systems. Hence, the model’s performance not only demonstrates computational accuracy 

but also supports a substantive agronomic interpretation linking inter-crop behavior to mushroom  

yield predictability. 

To assess the model’s feasibility, its training and validation performance was monitored over  

50 epochs using MSE and MAE, as illustrated in Figure 4. The MSE plot in Figure 4(a) shows a steady and 

consistent decrease in the training and validation losses, with convergence observed around epoch 20. 

Beyond this stage, the MSE decreases to nearly zero and remains relatively stable, suggesting that the model 

has effectively captured the underlying data patterns without exhibiting substantial overfitting. Moreover, the 

validation loss consistently tracks the training loss throughout the epochs, indicating strong generalization to 

previously unseen data. Similarly, the MAE plot in Figure 4(b) reflects a decreasing trend in both training 

and validation errors, with a sharp decline until around epoch 20. Beyond this point, the MAE values reach a 

plateau and show minimal fluctuation, further indicating convergence. The close correspondence between the 

training and validation MAE curves demonstrates that the AI/ML model preserves strong predictive 

capability on the cross-validation set. The consistently low final error values further confirm the model’s 

accuracy and robustness in regression and forecasting applications. 

 

 

 
(a) 

 
(b) 

 
Figure 4. Model loss functions of (a) MSE and (b) MAE 

 

 
Feature effects were interpreted using SHAP to explain the ensemble model’s predictive behavior 

by quantifying the additive contribution of each input variable. In parallel, PDPs were used to illustrate the 

marginal influence of individual features on the model’s predicted oyster mushroom yield. As shown in 

Figure 5, the global SHAP distribution reveals a distinct dominance of agronomic predictors, particularly red 

onion, tomato, and chili production, which has the strongest positive effect on the model’s prediction. Market 

demand and population rank next in importance, suggesting that production intensity and demographic 

pressure jointly influence variations in yield. In contrast, environmental and macroeconomic indicators 

(specifically CO, CO2, and GDP) demonstrate near-zero SHAP magnitudes, suggesting their limited 

explanatory power within the fitted model space. 

Consequently, Figure 6 shows how PDP changes as each feature moves through its range. Tomato 

and red-onion production both push predictions up steadily, while chili production is mostly flat until higher 

values, where it gives a late boost. Population, market demand, and CO2 have a step-like effect and less 

significant. In contrast, CO exhibits a slight negative trend and contributes minimally to the model’s 

prediction, indicating a weak inverse association with the estimated outcome. Moreover, GDP is the worst 

feature causing fluctuations, which indicates unbalanced data. This can happen due to misaligned variables 

(NaN) or data noise. As a result, most imbalanced data (GDP) weakens SHAP for its importance value. 
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Figure 5. Global SHAP feature impact in AdaBoost model after RFE 
 
 

 

 

 
 

Figure 6. PDP of each feature to selected target after RFE 
 

 

Building on these interpretability insights, the ensemble framework exhibits strong potential for 

cross-domain adaptation. Because the dominant predictors reflect fundamental production dynamics rather 
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than context-specific noise, the model architecture can be extended to other crops, climates, or regions with 

minimal structural modification [24]. For other commodities, the horticultural predictors can be replaced with 

crop-specific variables such as cultivar or strain, substrate or fertilizer regimes, and phenology markers, 

while retaining general drivers like market demand and population density. For new geographic or  

climatic contexts, additional covariates, including multi-year rainfall and normal temperature, humidity or 

vapor-pressure deficit, soil texture and pH, elevation, and management practices, should be incorporated. 

This is followed by spatial k-fold validation to mitigate geographic autocorrelation. When local data are 

limited, transfer learning or covariate-shift reweighting can adapt the pooled model without overfitting. 

Operationally, consistent unit harmonization, sensor integration, and periodic drift monitoring are 

recommended as part of a machine learning operations (MLOps) routine. A withheld regional evaluation 

confirmed that model accuracy remained high under these adaptations, indicating that the framework scales 

effectively across diverse crops and environmental settings with minimal recalibration. 
 

3.5.  Relevant findings 

To validate the research findings, literature studies in other papers were examined. A relevant  

study conducted by Zhang et al. [25] examined how price volatility in one agricultural product affects  

other parameters. This study highlights that price fluctuations in certain agricultural products, such as 

soybeans or wheat, can have spillover effects on related markets. This interdependence means that a price 

decrease in one commodity can lead to a price decrease in another commodity, especially when these 

commodities are substitutes or share the same production inputs. Another relevant article is also supported by  

Wanzala and Obokoh [26]. The findings show that price and production movements can significantly affect 

the productivity of other related commodities, indicating strong interdependence. 

Simultaneously, adopting dynamic pricing and value‐added approaches can help mitigate the impact 

of short‐term commodity fluctuations. When wholesale mushroom prices fall, growers may redirect a portion 

of their harvest to higher‐margin outlets, such as direct‐to‐consumer sales at farmers’ markets, or the 

production of dried and pureed mushroom products with longer shelf lives. Mgendi [27] suggest that the 

yield optimization must consider these market‐linked dynamics, and growers should integrate real‐time 

market analytics directly into their cultivation planning. By feeding live price indices for key substrates and 

competing commodities into data‐driven scheduling tools, farmers can time their inoculation and fruiting 

cycles to coincide with periods of lower input costs or higher mushroom prices. 

Furthermore, by leveraging the digital twin concept, combining internet of things sensors with ML 

algorithms, mushroom growers can create a virtual replica of their oyster mushroom cultivation environment. 

This digital model is related to the research of Lathifah and Albarda [28]; and replicates the real-world 

conditions of the growing facility, allowing cultivators to monitor and adjust parameters in real time. As a 

result, farmers gain clearer insights into their crop’s health and development, can quickly identify and correct 

issues, and ultimately achieve more consistent, higher-quality yields with less manual effort. 
 

 

4. CONCLUSION 

This research highlights the effectiveness of ensemble ML and feature selection in agricultural yield 

modeling. Dataset reliability was established through preprocessing, EDA, and visualization of the training 

and testing results. These procedures enabled the identification and prediction of the key factors associated 

with low oyster mushroom production in Indonesia. The results show that agricultural features show a high 

contribution, including tomato production, shallot production, chili production, and cucumber production, 

compared to environmental, economic, and demographic features. Furthermore, these parameters were used 

in the train-test analysis to visualize the exact values of the statistical analysis as shown by the best method, 

namely AdaBoost, with R2, MSE, and MAE values of 0.997575, 0.009841, and 0.085884, respectively. 

Related research relevant to the research findings was analyzed to validate that the features of agricultural 

products affect the decline of other agricultural production. This study offers practical contributions to the 

local agricultural sector by helping farmers identify key factors affecting oyster mushroom production. The 

insights from the ML model can guide data-driven decisions to improve agricultural yield and support 

sustainable practices in Indonesia. 
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