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 Mushroom processing enterprises managed by community groups in 

Limau Manis Village, Pauh District, frequently fail to survive because 

producers lack a reliable basis for setting selling prices and estimating 

profit. This study developed an enterprise system that applies Random 

Forest Regression to predict the selling price of processed mushroom 

products and to analyze profitability. The dataset consisted of 2,193 

daily sales records of three processed products (chips, nuggets, and 

floss) from an industry partner during 2023–2024. The base features 

(product type, weight, production cost, packaging, and season) were 

expanded with lagged market-demand indicators, including sales 

revenue, and with holiday, Ramadan/Eid, and calendar variables. 

Random Forest was benchmarked against XGBoost, linear regression, 

and ridge regression using MAE, RMSE, and R² under 5-fold cross-

validation, with hyperparameters tuned by grid search. Tuning 

improved Random Forest (test MAE Rp 2,129, RMSE Rp 2,448, R² 

0.641; cross-validated R² 0.677 ± 0.023) and reduced its train–test R² 

gap from 0.329 to 0.208. XGBoost (R² 0.647) and the linear models 

(R² 0.661–0.662) performed comparably, and the expanded features 

did not reduce residual variance. Further analysis showed that prices 

follow a cost-plus pattern: production cost explains 69% of price 

variation, while the remaining margin is set by producers 

independently of demand and calendar conditions. The model was 

deployed as a Streamlit web application that produces price 

predictions, profit estimates, and profit visualizations to support data-

driven pricing decisions. 
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1. INTRODUCTION 

According to figures released by the Central Statistics Agency (BPS), the volume of 

mushroom production in 2022 fell to 63.15 tons [1]. The same agency's figures also suggest 

that cultivating and processing mushrooms may serve as a supplementary livelihood for 

households. Such potential encourages families to raise their earnings, particularly through 

mushroom farming and the processing of mushroom-based products. Because many 

households in the Limau Manis area own sizeable yards, the local community is well placed 

to develop such a venture. A single community-run mushroom business operates in Limau 

Manis Village, Pauh District. Based on BPS data, the average source of income for the 

community in the Limau Manis area is farming or employment in government and non-

government agencies. 

These economic and geographic circumstances help residents of Limau Manis 

pursue extra income, and one route toward that goal is opening up new job opportunities. 

Among the ventures favored by the Limau Manis community are mushroom cultivation 

and processing. Growing mushrooms does not depend on a particular season, requires only 

a small plot of land, and yields both fresh mushrooms and processed goods that residents 

can consume directly. This certainly attracts many people interested in mushroom 

cultivation. 

Set up by the Limau Manis sub-district, the village children's forum serves, among 

other roles, to mentor the local community in strengthening its economic capacity and 

unlocking economic potential. Working with both firms and public institutions, the forum 

has run numerous joint efforts to lift the local economy, one of which supports the 

mushroom growing and processing community, recorded in its register as 77 mushroom 

groups. Out of those 77 groups, merely 65% have managed to endure and progress in 

production as well as processing, while the remainder have shut down and halted their 

operations. Several causes underlie this, one of them being that members of these groups 

have limited understanding of how to promote their goods and set an appropriate selling 

price. 

Producers frequently struggle to fix ideal selling prices and to obtain the greatest 

possible profit. Because prices shift with production expenses, buyer demand, seasonal 

cycles, and weather, the task of pricing becomes complicated [2], [3]. Adopting technologies 

like Artificial Intelligence (AI) and machine learning offers a way to forecast prices reliably 

and to examine profitability [4]. 
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Several previous studies have demonstrated the effectiveness of machine learning, 

particularly the Random Forest algorithm, for price prediction in the agricultural and 

commodity domains. As an ensemble technique, Random Forest constructs many decision 

trees from bootstrap resamples and combines their predictions; this design limits overfitting 

and lets the model capture non-linear patterns [5], [6]. In a review of Random Forest and 

Decision Tree regression for forecasting crop prices, Rakhra et al. found that ensemble 

methods reliably surpass models based on a single tree [7]. Testing a range of machine 

learning methods for predicting vegetable prices across seventeen Odisha markets in India, 

Paul et al. showed that these methods perform better than traditional time-series models [8]. 

Chen et al. built an automated system for predicting agricultural commodity prices and 

observed that tree-based ensembles kept their accuracy stable even on varied market data 

[9]. In the Indonesian context, Ibrahim applied Random Forest Regression to forecast shallot 

prices to support price stabilization [10], Muchtar and Afiyati showed that Random Forest 

outperformed linear regression for premium rice price prediction in West Java [11], and 

Pratama et al. reported similar findings for shallot prices in Samarinda [12]. The same 

method has likewise been used effectively, with strong accuracy, to estimate property prices 

[13], [14]. Recent studies on ensemble forecasting of agricultural commodity prices reaffirm 

that Random Forest is still among the most precise and dependable baselines, trailing only 

gradient-boosting methods [15]. 

While Random Forest has been examined extensively for price prediction, the 

majority of earlier studies end at the modeling phase and concentrate on unprocessed 

agricultural goods (rice, shallots, crops) or on property. Moreover, many small-scale price-

prediction studies evaluate a single model on a single train–test split, without benchmarking 

it against alternative learners or validating its generalization through cross-validation [11], 

[12]. Studies that (i) target processed micro-scale products (processed mushroom products 

such as chips, nuggets, and floss), (ii) enrich the price model with calendar and market-

demand information, (iii) evaluate it rigorously against linear and gradient-boosting 

baselines under k-fold cross-validation, and (iv) integrate the model into a ready-to-use 

enterprise application that couples price prediction with profitability analysis are still very 

limited. This constitutes the research gap and the novelty of this study. 

This study selected Random Forest Regression because it copes well with complex, 

non-linear data [5], [7]. This research aims to develop an AI-based enterprise system to assist 

mushroom entrepreneurs in better decision-making, specifically by (1) building a Random 

Forest Regression model to predict the selling price of processed mushroom products, 

enriched with holiday/calendar and market-demand features; (2) benchmarking the model 

against XGBoost, linear regression, and ridge regression using MAE, RMSE, and R² under 

k-fold cross-validation with hyperparameter tuning; and (3) deploying the model in a web 

application equipped with profit analysis to support pricing decisions for mushroom 

business groups in Limau Manis Village. 
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Jurnal Teknologi Informasi dan Pendidikan 

Volume 20, No. 1, March 2027 

https://doi.org/10.24036/jtip.v20i1.1157 
 

 

137 P.ISSN: 2086 – 4981 

E.ISSN: 2620 – 6390 

tip.ppj.unp.ac.id 

2. RESEARCH METHOD 

There are several stages that constitute the methodology of this research. These 

stages serve as a guide in carrying out the research activities, adapted from the stages of 

machine-learning system development [4], [9]: requirements, design, evaluation, 

deployment, and analyzing. The stages of the research methodology are presented in Figure 

1. 

 

Figure 1. Research methodology 

2.1. Requirements 

This study begins by examining what the system needs. Here the requirements are 

described, covering the data employed, the way it is gathered, and how it is subsequently 

processed. The following explains the requirements stage. 

Data Collection. The dataset for this work comprises sales records of processed 

mushroom goods from 2023 through 2024. It was compiled by interviewing industry 

partners and by logging each day's sales transactions directly. The dataset covers three types 

of processed products (mushroom chips, mushroom nuggets, and mushroom floss) with 

eight attributes: date, type of product, weight of product (grams), cost of production (Rp), 

packaging type, season, selling price (Rp), and number of units sold, totaling 2,193 

transaction records (three products × 731 days). Table 1 presents an example of the dataset 

used in this study. 
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Table 1. Example of the dataset 

Date Type of 

Product 

Weight 

(g) 

Cost of 

Production (Rp) 

Packaging Season Selling Price 

(Rp) 

Units 

Sold 

2023-01-01 Chips 250 3,860 Plastic Rainy 11,086 81 

2023-01-01 Nuggets 500 14,284 Plastic Rainy 22,549 84 

2023-01-01 Floss 200 14,636 Box Rainy 19,555 161 

2023-01-02 Chips 200 4,685 Plastic Rainy 7,454 97 

2023-01-02 Nuggets 250 9,949 Box Rainy 17,260 197 

2023-01-02 Floss 500 4,184 Box Rainy 9,569 31 

2023-01-03 Chips 500 14,096 Plastic Rainy 16,570 68 

2023-01-03 Nuggets 150 5,047 Box Rainy 9,794 24 

2023-01-03 Floss 200 4,899 Plastic Rainy 8,166 73 

2023-01-04 Chips 100 14,394 Plastic Rainy 20,284 144 

 

Data Preparation. The preprocessing stage cleans the data before it is used in the 

training phase. This study includes several preprocessing activities, including data cleaning, 

encoding of categorical features, and feature selection. There is no labeling process, as the 

goal of the study is to predict price, not quality. 

Dataset cleaning. The cleaning step guarantees that the dataset contains no missing 

entries and that every record follows a uniform format. Entries with blank or invalid content 

were checked so that all features held valid values prior to training. 

Feature encoding and selection. The categorical attributes, namely product type, 

packaging, and season, were transformed into numeric form through one-hot encoding to 

make them usable by the model. The raw date string was not used directly as an input; 

instead, it was used to derive the calendar features described below and to order the records 

of each product chronologically when computing lagged demand indicators. The base 

feature set consisted of product type, product weight, production cost, packaging type, and 

season, with the selling price as the prediction target. After the first record of each product 

was removed (its lagged values are undefined), 2,190 records remained. These were divided 

randomly into a training set (80%, 1,752 records) and an independent test set (20%, 438 

records) with random_state = 42; the training set was used for cross-validation and 

hyperparameter tuning, and the test set only for the final evaluation. 

Feature expansion. To reduce the variance left unexplained by the base features, two 

groups of derived features were added (Table 2). First, market-demand indicators were 

computed for each product from the partner's records: the previous day's units sold, the 7-

day and 30-day moving averages of units sold, a demand-trend ratio (7-day over 30-day 

average), and the 7-day moving average of daily sales revenue (selling price × units sold). 

All demand indicators were shifted by one day so that only information available before the 

transaction date is used, which prevents target leakage. Second, holiday and calendar 

variables were constructed for every date in 2023–2024 from the official joint ministerial 

decrees on national holidays and collective leave [20]: national holiday or collective leave, 

Ramadan, a window of ±7 days around Eid al-Fitr, weekend, and month. The partner did 
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not record promotions or raw-material purchase prices, so a promotion flag could not be 

built, and input-cost variation is represented by the production cost per package, which 

already embeds the cost of raw materials. The expanded feature set therefore contains 15 

input variables (5 base and 10 derived). 

Table 2. Base and expanded feature sets 

Group Features Source / derivation 

Base Product type, packaging, season (one-hot); product weight; 

production cost 
Partner sales records 

Market demand Units sold on the previous day; 7-day and 30-day moving 

averages of units sold; demand trend (7-day / 30-day average); 

7-day moving average of sales revenue (all lagged by one day) 

Derived from partner 

records 

Holiday and calendar National holiday or collective leave; Ramadan; ±7 days around 

Eid al-Fitr; weekend; month 
Joint ministerial decrees 

2023–2024 [20] 

2.2. Design 

For the model, this study adopts Random Forest Regression, an ensemble approach 

that merges the outputs of numerous decision trees grown on bootstrap resamples while 

choosing features at random for every split [5], [6]. The baseline configuration uses 

n_estimators = 100 with fully grown trees, and random_state = 42 to guarantee 

reproducibility [16]. To position Random Forest objectively, three comparison models were 

trained on the same features and data split: ordinary least-squares linear regression, ridge 

regression with L2 regularization [22], and XGBoost, a regularized gradient-boosting tree 

ensemble [23]. Numerical features were standardized for the two linear models, whereas 

the tree-based models used unscaled inputs. The hyperparameters of Random Forest, 

XGBoost, and ridge regression were tuned by an exhaustive grid search over the values 

listed in Table 3 [24]; the combination with the lowest mean MAE in 5-fold cross-validation 

on the training portion was selected and refitted on the whole training set. All models were 

implemented with the scikit-learn [17] and xgboost [23] libraries, and prediction is executed 

with the predict function. 

Table 3. Hyperparameter search space and selected values (grid search, 5-fold cross-validation) 

Model Hyperparameter Values searched Selected 

Random Forest n_estimators 100, 300, 500 500 

 max_depth None, 10, 20 20 

 min_samples_leaf 1, 2, 5 5 

 max_features sqrt, 0.5, 1.0 0.5 

XGBoost n_estimators 200, 500 200 

 max_depth 3, 5, 7 3 

 learning_rate 0.03, 0.1 0.03 

 subsample 0.8, 1.0 0.8 

 colsample_bytree 0.8, 1.0 1.0 

Ridge regression alpha (α) 0.01, 0.1, 1, 10, 100 10 
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2.3. Evaluation 

In the Random Forest model evaluation stage, new values or data are entered to test 

whether the Random Forest model can predict prices. The data entered include product 

weight, production costs, product type, packaging, and season, while the demand and 

calendar features are taken from the latest sales records and the prediction date. The results 

of this stage are predicted selling prices and estimated profits based on the newly input 

data. 

Model performance was measured using three metrics. MAE, given in (1), captures 

the mean absolute gap, in rupiah, between predicted and actual prices; RMSE, given in (2), 

penalizes large errors more strongly; and R², given in (3), reflects the proportion of selling-

price variation that the model accounts for [18], [19]. 

MAE = (1/n) Σ |yᵢ − ŷᵢ| (1) 
 

RMSE = √[ (1/n) Σ (yᵢ − ŷᵢ)² ] (2) 
 

R² = 1 − [ Σ (yᵢ − ŷᵢ)² / Σ (yᵢ − ȳ)² ] (3) 
 

where yᵢ is the actual selling price, ŷᵢ is the predicted selling price, ȳ is the mean of 

the actual selling prices, and n is the number of test data. 

Cross-validation. Generalization was assessed with k-fold cross-validation [25]. The 

training data were divided into k = 5 shuffled folds (random_state = 42); each model was 

trained on four folds and validated on the remaining one, and the procedure was repeated 

so that every fold served once for validation. Results are reported as the mean and standard 

deviation of MAE, RMSE, and R² across the five folds. Because the records form a time 

series, a forward-chaining split (TimeSeriesSplit, five splits), in which each validation fold 

lies strictly after its training data, was also applied to the tuned Random Forest as a 

robustness check [26]. Overfitting was examined by comparing the R² obtained on the 

training set with the R² on the test set; a large gap indicates that a model memorizes the 

training data rather than generalizing. Finally, all models were evaluated once on the held-

out 20% test set. 

The estimated profit is calculated from the prediction results as in (4), where the 

profit is the difference between income and production cost: 

profit = income − cost (4) 
 

income = predicted price × amount of production, and cost = cost of production × 

amount of production. 
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2.4. Deployment 

During this phase, the trained Random Forest model is embedded in a lightweight 

web application built with the Streamlit library [27]. Streamlit was preferred because it 

wraps a machine-learning model into an interactive interface rapidly, one that business 

owners can use without any coding skills. The application receives new feature inputs 

(product type, weight, production cost, packaging, season, and production quantity), fills 

the demand and calendar features automatically from the latest sales records and the 

prediction date, and displays the predicted selling price, profit estimation, analysis graphs, 

and a downloadable prediction result document. 

2.5. Analyzing 

The analysis stage is used to design a profit analysis from sales data. The profit 

analysis used in this study consists of profit per transaction and profit over time. In addition 

to profit analysis, this study also uses actual versus predicted price analysis. The analysis is 

displayed in the form of data distribution graphs. 

3. RESULTS AND DISCUSSION 

3.1. Results 

There are five ways to display the results of this study, namely the accuracy of the 

baseline Random Forest model, the comparative benchmark with cross-validation and 

hyperparameter tuning, the prediction of selling prices and profits, the profit analysis and 

the comparison of predicted and actual prices, and the prediction result documents that can 

be downloaded from the application. 

The first result of this study is the performance of the baseline Random Forest 

Regression model (five base features, single 80:20 split) on the test data, measured using 

MAE and R². A summary of the model configuration and evaluation results is presented in 

Table 4. 

Table 4. Random Forest Regression model configuration and evaluation results 

Parameter / Metric Value 

Number of estimators (n_estimators) 100 

Random state 42 

Train : test ratio 80 : 20 

MAE Rp 2,031 

R² Score 0.63 

MAE relative to average selling price (±Rp 14,500) ±14% 
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For the baseline model, the MAE came out to Rp 2,031, whereas the R² Score reached 

0.63, equivalent to 63%. A lower MAE and a higher R² both signal that the Random Forest 

Regression model predicts new selling prices more precisely [18]. An MAE of Rp 2,031 

implies that predictions differ from the true price by about Rp 2,031 on average — close to 

14% of the dataset's mean selling price — a margin still usable as a pricing guide for micro-

scale enterprises. Meanwhile, an R² of 0.63 shows that the five base features account for 63% 

of the variation in selling price, leaving the other 37% to influences outside the model, 

possibly buyer demand, holidays, or input prices. This motivated the feature expansion, 

tuning, and benchmarking reported next. 

The second result is the comparative benchmark that positions Random Forest 

against alternative learners, all trained on the expanded feature set. Table 5 reports the 5-

fold cross-validated performance on the training set (mean ± standard deviation) and the 

performance on the held-out test set. 

Table 5. Comparative performance under 5-fold cross-validation and on the hold-out test set (15 

features) 

Model CV MAE 

(Rp) 
CV RMSE 

(Rp) 
CV R² Test 

MAE 

(Rp) 

Test 

RMSE 

(Rp) 

Test 

R² 
Train 

R² 
Train–

test gap 

Linear regression 1,974 ± 66 2,291 ± 57 0.691 ± 0.020 2,078 2,378 0.661 0.699 0.038 

Ridge regression 

(α = 10) 
1,973 ± 66 2,290 ± 57 0.691 ± 0.020 2,077 2,377 0.662 0.699 0.038 

Random Forest 

(baseline, 100 

trees) 

2,025 ± 104 2,393 ± 93 0.662 ± 0.029 2,172 2,500 0.626 0.954 0.329 

Random Forest 

(tuned) 
1,997 ± 87 2,342 ± 78 0.677 ± 0.023 2,129 2,448 0.641 0.849 0.208 

XGBoost (tuned) 1,991 ± 79 2,322 ± 65 0.682 ± 0.023 2,114 2,429 0.647 0.750 0.103 

Note: CV = 5-fold cross-validation on the training set (n = 1,752); test = 20% hold-out set (n = 438). Mean selling price = Rp 15,020. 

 

Hyperparameter tuning improved Random Forest consistently: compared with the 

untuned baseline, the tuned model lowered the test MAE from Rp 2,172 to Rp 2,129 and the 

RMSE from Rp 2,500 to Rp 2,448, and raised R² from 0.626 to 0.641. The MAE of Rp 2,129 

corresponds to 14.2% of the mean selling price. Tuning also addressed overfitting. The 

untuned forest with fully grown trees reached a training R² of 0.954 but only 0.626 on the 

test set (gap 0.329), whereas constraining the trees (min_samples_leaf = 5, max_depth = 20, 

max_features = 0.5) reduced the gap to 0.208 and lowered the fold-to-fold variability (MAE 

± Rp 87 versus ± Rp 104; R² ± 0.023 versus ± 0.029). The forward-chaining TimeSeriesSplit 

produced comparable results for the tuned Random Forest (MAE Rp 2,021, RMSE Rp 2,363, 

R² 0.674), showing that performance is maintained when the model predicts later periods. 

Among the tree ensembles, tuned XGBoost was slightly more accurate than tuned 

Random Forest (test MAE Rp 2,114 versus Rp 2,129; R² 0.647 versus 0.641) and overfitted 
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less (gap 0.103). However, the linear baselines performed as well as or slightly better than 

both ensembles: ridge regression obtained the lowest test MAE (Rp 2,077) and the highest 

R² (0.662), with a train–test gap of only 0.038. The differences in cross-validated MAE among 

all tuned models (at most Rp 24) are much smaller than the fold-to-fold standard deviations 

(Rp 66–87), so the four models should be regarded as statistically comparable rather than 

one being clearly superior. 

The contribution of the expanded features was evaluated by retraining the tuned 

Random Forest on different feature sets (Table 6). 

Table 6. Effect of feature expansion on the tuned Random Forest 

Feature set No. of 

features 
CV R² Test MAE 

(Rp) 
Test RMSE 

(Rp) 
Test R² Unexplained 

variance (1 − R²) 

Base features 5 0.674 2,083 2,416 0.651 34.9% 

Base + market demand 10 0.675 2,125 2,444 0.642 35.8% 

Base + holiday/calendar 10 0.673 2,077 2,397 0.656 34.4% 

All features (expanded) 15 0.677 2,129 2,448 0.641 35.9% 

 

Contrary to expectation, the expanded features did not reduce residual variance: the 

unexplained variance remained between 34.4% and 35.9% for every feature set, and the 

differences (at most 0.015 in R²) lie within the cross-validation standard deviation. The 

permutation importance in Figure 5 explains this result. Production cost is the only 

influential feature (mean decrease in R² of 1.27), whereas all demand, holiday, and calendar 

features, as well as product type, weight, packaging, and season, have an importance close 

to zero (below 0.005). 

 

Figure 2. Permutation feature importance of the tuned Random Forest (test set) 
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A closer inspection of the data confirms this pattern. The gross margin per package 

(selling price minus production cost) averages Rp 5,957 and is spread almost uniformly 

between Rp 2,001 and Rp 9,994. It is practically uncorrelated with every observed variable 

(|r| ≤ 0.035 for weight, all demand indicators, holidays, Ramadan, and weekends) and 

hardly differs by product (Rp 5,851–6,040) or season (Rp 5,932–5,979). The selling price 

therefore follows a cost-plus rule in which producers add a margin that does not respond 

to the measured market conditions. Production cost alone explains 69.1% of the price 

variance, which is effectively the upper bound attainable with the available information, 

and all models in Table 5 operate close to this bound (cross-validated R² 0.662–0.691). This 

also explains why the linear models perform as well as the ensembles: the dominant 

relationship is linear, with each additional rupiah of production cost raising the predicted 

price by approximately one rupiah. 

The third result is the prediction of the selling price and estimated profit using new 

data. The features entered as new data are product type, product weight, production cost 

per package, packaging type, season, and production quantity. In this study, the new data 

used were product type: mushroom chips, product weight 200 grams, production cost per 

package Rp 8,000, plastic packaging, rainy season, and a production quantity of 100 

packages, on a regular (non-holiday) weekday with the demand indicators set to their latest 

observed values. From these data, the tuned Random Forest predicts a selling price of Rp 

14,243 per package, and the estimated profit is Rp 624,300, obtained from (Rp 14,243 − Rp 

8,000) × 100 packages, in accordance with (4). 

The fourth result is a graph analyzing the actual and predicted prices, as well as 

graphs analyzing profit per transaction and profit over time. The first graph is a comparative 

analysis of actual and predicted prices on the test set, shown in Figure 2. The plot displays 

how actual and predicted selling prices are distributed and reveals how closely predicted 

values sit next to the real ones; the greater the distance from the diagonal, the poorer the 

prediction. In Figure 2, the points follow the diagonal reference line but with a roughly 

constant vertical spread of about ±Rp 4,000 across the whole price range; low prices tend to 

be slightly over-predicted and high prices slightly under-predicted. This band corresponds 

to the producer-set margin described above and is consistent with the obtained R² of 0.641. 
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Figure 3. Comparison of actual and predicted prices (tuned Random Forest, test set, n = 438) 

The remaining deviations in Figure 2 reflect the subjective component of prices set 

by producers, which cannot be captured by observable features. Consistent with Probst et 

al. [16], limiting tree depth and the minimum leaf size controlled variance, while adding 

more trees gave diminishing returns. Because the hyperparameters have already been 

optimized and the models operate close to the information bound, further gains are more 

likely to come from additional information, such as competitor prices or the producer's 

pricing rationale, than from further tuning. 

The next graph is the profit analysis graph. The profit analysis graphs are derived 

from the 2023–2024 sales data, not from forecasts, and profit is computed per package as the 

selling price minus the production cost. Figure 3 shows the profit per transaction for each 

processed mushroom product as stacked bars, so the height of each bar (up to about Rp 

29,000) is the combined daily margin of the three products. The individual products 

contribute similar margins: on average Rp 6,040 for mushroom chips, Rp 5,979 for 

mushroom nuggets, and Rp 5,851 for mushroom floss per package. Hence no product 

clearly dominates in margin per package, and product prioritization should also consider 

sales volume. 
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Figure 4. Profit per transaction for each processed mushroom product 

The difference between the profit-over-time graph and the per-transaction graph is 

that the profit-over-time graph does not show the profit for each product, but it shows the 

development of profit in more detail. The profit-over-time graph is presented in Figure 4. 

Figure 4 shows that the combined daily margin of the three products fluctuates between Rp 

7,760 and Rp 28,964 (mean Rp 17,870) without a downward trend, and the total annual 

margin was nearly identical in 2023 (Rp 6.50 million) and 2024 (Rp 6.56 million), indicating 

that the partner's mushroom processing business is relatively stable across rainy and dry 

seasons. 

 

Figure 5. Profit trend over time during 2023–2024 
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3.2. Discussion 

The tuned Random Forest (R² = 0.641, relative error 14.2%) performs in a range 

comparable to earlier work on price prediction: Ibrahim obtained a MAPE of 8.71–10.31% 

when forecasting shallot prices with an optimized Random Forest [10], although the data of 

this study come from a micro-scale business whose prices are partly set subjectively by the 

producers. Unlike Muchtar and Afiyati [11] and Pratama et al. [12], who found Random 

Forest superior to linear regression for rice and shallot prices, the benchmark in Table 5 

shows that Random Forest, XGBoost, and the linear baselines are statistically comparable 

on this dataset. The difference lies in the price-formation mechanism: commodity market 

prices are shaped by non-linear interactions of supply, demand, and weather, whereas the 

prices of processed products from a single micro-enterprise are set by a cost-plus rule. 

Lestari et al. [15] reported R² values of up to 0.82 for XGBoost enriched with macroeconomic 

and climatic features; the present results show that such gains require features that actually 

drive the price. The unchanged R² after feature expansion (0.651 with the base features 

versus 0.641 with all features) indicates that calendar and demand information does not 

explain the variance left by the five base features, because the producer's margin does not 

respond to these conditions. 

Relative to earlier research [7], [8], [10]–[14], the principal contribution here is 

embedding the prediction model within an enterprise application that mushroom business 

groups can use directly, uniting price forecasting, profit estimation, and profitability 

visualization within one tool, with accuracy verified through cross-validation and a 

benchmark against XGBoost and linear models. The benchmark also yields a practical 

insight: because the models are statistically comparable, the application can use either the 

tuned Random Forest or the more interpretable ridge regression, and producers can read 

the prediction as "production cost plus a typical margin of about Rp 6,000 per package". In 

this way, the research output is not only a model with measured accuracy, but an 

operational decision-support instrument for the 77 mushroom groups assisted by the Limau 

Manis village forum. 

A number of limitations apply to this study. To begin with, the data originate from 

just one industry partner across a two-year span, so the model might not transfer well to 

other areas or market situations. Second, promotion records, raw-material purchase prices, 

and competitor prices were not available; a raw-material index such as the consumer price 

index of Padang City [21] and a promotion log should be collected in future work, although 

their effect is expected to be limited as long as the producer's margin is set independently 

of market conditions. Third, the demand indicators rely on past sales of the partner itself, so 

they reflect realized rather than latent demand. Finally, because about 31% of the price 

variance stems from the producer's discretionary margin, future work should record the 

reasons behind each pricing decision or model the margin directly, and evaluate additional 

learners such as support vector regression. 
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4. CONCLUSION 

In line with the aim set out in the introduction, this study built an enterprise system 

that predicts the selling price of processed mushroom products and evaluates profitability 

by means of Random Forest Regression. The baseline model, built with 100 estimators and 

five base features, achieved an MAE of Rp 2,031 (±14% of the average selling price) and an 

R² of 0.63. With the expanded features and grid-search tuning under 5-fold cross-validation, 

Random Forest achieved a cross-validated MAE of Rp 1,997 and R² of 0.677 ± 0.023, and on 

the hold-out test set an MAE of Rp 2,129, an RMSE of Rp 2,448, and an R² of 0.641; tuning 

reduced the train–test R² gap from 0.329 to 0.208, and the forward-chaining validation (R² 

0.674) confirmed that the model generalizes to later periods. In the benchmark, XGBoost (R² 

0.647) and the linear baselines (R² 0.661–0.662) performed comparably to Random Forest, 

and the market-demand and holiday features did not reduce residual variance. Both 

findings are explained by the cost-plus pricing of the partner: production cost explains 69% 

of price variation, while the remaining margin (Rp 2,001–9,994 per package) is set by 

producers independently of the observed conditions. The model was deployed as a 

Streamlit-based web application that produces price predictions (e.g., Rp 14,243 per package 

of mushroom chips with an estimated profit of Rp 624,300 for 100 packages) and visual 

analyses of profit per transaction and profit over time, which show similar margins for the 

three products and a stable business profit. With this system, mushroom business groups in 

Limau Manis Village can determine selling prices in a more objective, data-driven manner. 

Future work should collect promotion, raw-material, and competitor-price data and extend 

the dataset to several business partners so that the model generalizes better. 
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