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 This research addresses the challenge of optimizing rule creation for palm 

oil production at PT Tapiana Nadenggan. It deals with the complexity of 

diverse agricultural variables, environmental factors, and the dynamic nature 

of palm oil production. The existing problem lies in the limitations of 

conventional decision tree models—J48, reduced error pruning (REP), and 

Random—in capturing the nuanced relationships within the intricate palm 

oil production system. The study introduces hybrid decision tree models—

specifically J48-REP, REP-Random, and Random-J48—to address this 

challenge via combination scenarios. This approach aims to refine and 

update the rule creation process, enabling the recognition of nuanced 

performance processes within the selected decision tree combinations. To 

comprehensively tackle this challenge and problem, the study employs 

Tsukamoto’s fuzzy inference system (FIS) for a sophisticated performance 

comparison. Despite the complexity, intriguing results emerge after the 

forecasting process, with the standalone J48 decision tree achieving 85.70% 

accuracy and the combined J48-REP excelling at 93.87%. This highlights 

the potential of decision tree combinations in overcoming the complexities 

inherent in forecasting palm oil production, contributing valuable insights 

for informed decision-making in the industry. 
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1. INTRODUCTION 

Palm oil production is a cornerstone of global agriculture and is pivotal in various industries and 

economies worldwide [1]. Despite its significance, optimizing palm oil production presents a multifaceted 

challenge characterized by the intricate interplay of agricultural variables and environmental factors [2]. The 

variability in palm oil production, influenced by diverse factors such as climate conditions, soil quality, and 

agricultural practices, underscores the need for sophisticated forecasting methods to facilitate informed 

decision-making [3]. While numerous studies have explored the application of decision trees in agricultural 

forecasting, the dynamic nature of palm oil production necessitates a more nuanced approach [4]. Existing 

research often needs to look more into the potential of combining decision trees to enhance predictive 

capabilities, thereby leaving a critical gap in the field. This research identifies this gap and seeks to address it 

https://creativecommons.org/licenses/by-sa/4.0/
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by introducing a novel framework that harnesses the strengths of individual decision trees while exploring 

synergies through combination scenarios. 

Decision trees, renowned for their efficacy in data mining for classification problems, offer a 

structured approach characterized by a hierarchical tree-like configuration [5]. In this study, we delve into 

three key decision tree types–J48 [6], reduced error pruning (REP) [7], and random [8]–leveraging their 

capabilities in rule creation based on empirical data from PT Tapiana Nadenggan, a significant player in palm 

oil production. Introducing a layer of innovation to existing methodologies, we propose a combination 

concept that explores scenarios like J48-REP, REP-Random, and Random-J48. This unique approach 

involves averaging the results of decision trees using combinations such as (J48+REP)/2, (REP+Random)/2, 

and (Random+J48)/2. By doing so, we aim to create more robust decision tree combinations that offer a 

comprehensive outlook on palm oil production forecasting [9]. Following the formation of rules from 

selected decision trees, individual or combined, the Tsukamoto fuzzy inference system (FIS) emerges as a 

crucial tool for discerning optimal rules for determining palm oil production. This method brings a nuanced 

perspective to the analysis, considering accuracy, TP rate, FP rate, precision, and recall for each classification class.  

In the broader context of research methodologies, our work aligns with contemporary trends and 

draws inspiration from various innovative approaches. Notably, studies by Bhatnagar and Kumar [10] on 

SMS classification, Uyun and Choridah [11] on feature selection using decision trees [12], and  

Supianto et al. [13] on classifying student graduation serve as benchmarks for algorithmic accuracy 

assessment and offer valuable insights into decision tree applications. In the realm of SMS classification, 

Bhatnagar and Kumar [10] adopted machine learning algorithms to filter spam messages, achieving an 

impressive 98.7% success rate by classifying messages based on textual content. This innovative approach 

streamlined the classification process by eliminating the need for resource-intensive database queries and 

intricate regular expression matching. The dataset from netcore solutions Pvt. Ltd. in India was pivotal in 

validating their proposed method. Uyun and Choridah [11] work on feature selection for mammogram image 

extraction showcased the decision tree algorithm as a top performer, achieving a notable 93.18% 

classification accuracy. Their study leveraged data mining techniques and focused on the crucial facet of 

selecting pertinent features in the context of mammogram images. Moving to Supianto et al. [13] research on 

student graduation classification, comparing decision tree algorithms revealed that C4.5 outperformed 

random tree and REPTree, boasting an accuracy of 77.01%. These studies underscore the versatility and 

efficacy of decision tree methodologies across diverse domains, providing a nuanced understanding of their 

applications and reinforcing their relevance in contemporary research landscapes. 

This research aims to bridge the gap by introducing a comprehensive framework integrating hybrid 

decision trees–J48, REP, and random–with the FIS Tsukamoto [14], [15]. Our proposed solution seeks to 

refine the accuracy of individual decision trees and unlock the potential of decision tree combinations in 

forecasting palm oil production. By leveraging the capabilities of FIS Tsukamoto [16], our approach aims to 

provide a nuanced understanding of the complex relationships within the agricultural ecosystem. Building 

upon the current state-of-the-art in agricultural forecasting, our study aims to establish a more robust and 

adaptive predictive model aligned with the dynamic nature of palm oil production. Through empirical trials 

and systematic analyses, we seek to contribute valuable insights that advance precision in forecasting, 

offering practical implications for decision-making in the palm oil industry. 

This paper is structured as follows: section 2 delineates the methods employed in our hybrid 

decision tree and Tsukamoto algorithms. Section 3 presents the results and discussion of our experiments, 

shedding light on the outcomes of the decision tree combinations and Tsukamoto FIS. Finally, section 4 

summarizes the conclusions drawn from our experiment and outlines potential avenues for future research. 

 

 

2. METHOD 

This section offers a detailed overview of our research methodology, as depicted in Figure 1. It 

begins with precise data collection from PT Tapiana Nadenggan, followed by thorough preprocessing. The 

subsequent stage involves a combination of decision tree and FIS Tsukamoto for a comprehensive evaluation 

of forecasting. This integrated approach ensures a robust analytical process (see Figure 1). 
 

 

 
 

Figure 1. Process flow for forecasting with hybrid decision tree and FIS Tsukamoto rules 
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2.1.  Dataset and preprocessing 

The dataset employed in this research is derived from PT Tapiana Nadenggan, a key player in the 

palm oil production sector. This collaborative effort ensures access to a robust dataset covering the period 

from January 2014 to April 2023, with monthly records providing a comprehensive temporal overview of 

palm oil production dynamics. The dataset encompasses essential parameters, including palm oil quantities, 

consumer demand, existing stock levels, and production volumes, meticulously selected to facilitate accurate 

prediction modeling. 

Structured in CSV format, the dataset aligns with the WEKA software [17], facilitating seamless 

integration for subsequent rule creation and analysis [18]. This comprehensive dataset, outlined in Table 1, 

serves as the foundation for forecasting palm oil production. Table 1 offers a detailed snapshot of monthly 

metrics that shape the palm oil production landscape. 

 

 

Table 1. Dataset 
Month Year Palm oil  Demand Stock Production  

Jan 2014 20,875,600 4,730,300 3,960,000 10,020,000 
Feb 2014 26,300,700 14,987,000 4,220,200 19,300,500 

Mar 2014 26,250,400 14,980,000 4,500,000 19,150,000 

Apr 2014 38,700,000 3,784,500 1,900,400 10,100,800 
May 2014 24,400,100 7,568,600 4,000,700 13,568,000 

Jun 2014 26,000,000 12,600,000 1,730,000 17,000,300 
Jul 2014 34,857,100 10,811,400 3,959,140 18,954,280 

.......... .......... .......... .......... .......... .......... 

.......... .......... .......... .......... .......... .......... 
Apr 2023 40,616,100 14,996,800 4,969,670 19,597,200 

Source of data: PT Tapiana Nadenggan 

 

 

The preprocessing phase, a critical component of refining the dataset, employs meticulous 

techniques. Handling missing values with mean imputation and predictive modeling, rigorous outlier 

detection using Z-score analysis and the interquartile range (IQR) method and adept temporal aggregation 

techniques contribute to dataset optimization [19]. Advanced feature scaling, normalization methods, and 

categorical variable handling ensure precision in model comparison. Integration of time-series decomposition 

methods, including seasonal decomposition of time series (STL), enriches the understanding of underlying 

patterns [20]. Strategically dividing the dataset into training and testing sets ensures the robustness and 

generalizability of forecasting models. A linguistic transformation, converting numerical data into refined 

linguistic values [21] (low, medium, and high), adheres to well-defined division rules, emphasizing seamless 

integration with the WEKA platform. This meticulous approach establishes a robust foundation for precise 

forecasting, leveraging hybrid decision tree models. 

 

2.2.  Decision tree construction with ensemble learning techniques 

This section explores the decision tree construction process, intricately integrating ensemble 

learning techniques to augment precision and adaptability in forecasting palm oil production. 

 

2.2.1. Individual decision tree algorithms 

Our method strategically employs three robust decision tree algorithms, each with its unique 

attributes: 

− J48 (C4.5 algorithm) [18]: recognized for its efficiency and scalability, particularly adept at handling 

large and complex datasets. 

− REP [7]: emphasizes minimizing overall error rates by judiciously pruning branches, enhancing the tree’s 

predictive accuracy. 

− Random tree [22]: injects an element of randomness by selecting subsets of features at each split point, 

fostering diversity to mitigate overfitting. 

 

2.2.2. Ensemble learning for improved accuracy 

Moving beyond individual trees, our research delves into ensemble learning. This involves 

combining multiple decision trees [23], [24] synergistically to forge a more resilient and accurate prediction 

model. The following combination scenarios are meticulously explored: 

− J48-REP: a symbiosis of J48’s computational efficiency and REP’s adept pruning capabilities, with the 

aim of achieving enhanced accuracy and model simplicity. 
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− Random-J48: this combination strategically harnesses the diversity introduced by random trees and the 

structural integrity offered by J48, mitigating overfitting concerns while preserving interpretability. 

− REP-Random: an amalgamation of REP’s precise pruning abilities and the randomness introduced by 

random trees, aiming for a robust model with improved generalization capabilities. 

 

2.2.3. Evaluation and selection of the best ensemble 

Our evaluation protocol employs a comprehensive range of metrics to assess decision trees and 

ensemble models rigorously [25] for integration with the FIS. We begin by evaluating model accuracy in 

identifying positive instances and minimizing false positives through the true positive rate (TPR) and false 

positive rate (FPR), which are calculated using (1) and (2), respectively. 

 

𝑇𝑃𝑅 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (1) 

 

𝐹𝑃𝑅 =
𝐹𝑃

𝐹𝑃+𝑇𝑁
 (2) 

 

Precision, recall, and F-measure further elucidate predictive accuracy and balance, as defined by (3) to (5): 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (3) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝐹𝑃

𝐹𝑃+𝑇𝑁
 (4) 

 

𝐹 − 𝑀𝑒𝑎𝑠𝑢𝑟𝑒 =
2 𝑥 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥 𝑟𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (5) 

 

We then assess discriminative ability through the receiver operating characteristic (ROC) area, 

calculated using the ROC curve. Accuracy and Kappa statistics evaluate overall correctness and agreement 

beyond chance, represented by (6) and (7): 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 (6) 

 

𝐾𝑎𝑝𝑝𝑎 =
𝑃𝑜−𝑃𝑒

1−𝑃𝑒
 (7) 

 

Lastly, prediction errors are analyzed using mean absolute error (MAE), root mean squared error (RMSE), 

relative absolute error (RAE), and root relative squared error (RRSE), defined by (8) to (11), respectively. 

 

𝑀𝐴𝐸 =
1

𝑛
∑ |𝑦𝑖 − ŷ𝑖|

𝑛
𝑖=1  (8) 

 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑦𝑖 − ŷ𝑖)

2𝑛
𝑖=1  (9) 

 

𝑅𝐴𝐸 =
∑ |𝑦𝑖−ŷ𝑖|𝑛

𝑖=1

∑ |𝑦𝑖−ŷ|𝑛
𝑖=1

 (10) 

 

𝑅𝑅𝑆𝐸 = √
∑ (𝑦𝑖−ŷ𝑖)2𝑛

𝑖=1

∑ (𝑦𝑖−ŷ𝑖)2𝑛
𝑖=1

 (11) 

 

2.2.4. Theoretical considerations 

The theoretical underpinnings include a profound exploration of bagging and boosting, which are 

integral to ensemble learning. Bagging, exemplified in random forests, involves training on random data 

subsets with replacement, fostering diverse predictions that are then aggregated for the outcome. Boosting, a 

sequential training approach focuses on iteratively improving subsequent trees based on the errors of 

preceding ones [25]. While our research champions ensemble learning through the fusion of decision tree 

algorithms, we conscientiously acknowledge alternative ensemble methods like stacking and voting, 

incorporating diverse model types, potentially further enhancing predictive accuracy. 
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2.2.5. Integration with fuzzy inference system 

The culmination of our decision tree model’s journey involves seamless integration with the 

Tsukamoto FIS. Decision trees, providing discrete classifications, are intricately woven with FIS, harnessing 

fuzzy logic to navigate inherent uncertainties in agricultural data. This fusion ensures a nuanced and robust 

prediction framework for palm oil production. By intricately amalgamating ensemble learning and fuzzy 

logic with decision trees, our research pioneers a hybrid model, strategically leveraging the strengths of both 

approaches to elevate accuracy, flexibility, and interpretability in predicting palm oil production. 

 

2.3.  Fuzzy inference system Tsukamoto 

In pursuing precise palm oil production predictions, this research seamlessly integrates the FIS with 

the Tsukamoto method, providing a nuanced and sophisticated analytical layer. The synergy between fuzzy 

logic and decision tree outcomes is explored, emphasizing the Tsukamoto method’s role in refining 

predictions from various decision trees [26], including J48, REP, random, J48-REP, Random-J48, and REP-

Random. The Tsukamoto method, integral to FIS, leans on fuzzy sets and membership functions. These 

functions, employing shapes like triangles and trapezoids, convert raw data into fuzzy propositions, enabling 

a more flexible and nuanced understanding of input variables. FIS operates on IF-THEN fuzzy rules, 

articulating intricate relationships between input and output variables. The antecedents present fuzzy 

propositions about the inputs, while the consequents contribute to the system’s output, enhancing the 

interpretability of the decision-making process. 

The Tsukamoto method unfolds through a meticulous inference process. It involves evaluating 

antecedents, clipping consequent functions, calculating a weighted average, and defuzzifying for crisp output. 

The step-by-step process ensures transparency and clarity in transforming fuzzy propositions into precise 

predictions. Beyond its inherent capabilities, FIS Tsukamoto assumes a pivotal role in refining predictions 

derived from decision trees. This integration focuses on comparing the outcomes of diverse decision trees 

with FIS Tsukamoto predictions against actual production data, aiming for a comprehensive understanding of 

the predictive models’ strengths and limitations. Table 2 delineates the criteria, fuzzy sets, and domains 

employed in Tsukamoto’s FIS modeling for palm oil production prediction. This meticulous integration 

signifies a synergy between decision tree methodologies and fuzzy logic, contributing to an enriched and 

nuanced forecasting approach. 

 

 

Table 2. Tsukamoto’s FIS modeling for palm oil production 
Parameter Criteria Fuzzy set Domain 

Input Palm oil Low 16,572,300–30,036,150 

Medium 30,036,150–43,500,000 

High >30,036,150 
Demand 

 

Low 3,153,333–11,036,666.5 

Medium 11,036,666.5–18,920,000 

High >18,920,000 
Stock 

 

Low 833,333–2,916,666.5 

Medium 2,916,666.5–5,000,000 

High >5,000,000 
Output Production Low 6,000,000–12,900,000 

Medium 12,900,000–19,800,000 

High >19,800,000 

 

 

3. RESULTS AND DISCUSSION 

This section presents a detailed examination of the results of various decision tree algorithms that 

predict palm oil production. The analysis encompasses individual decision trees (J48, REP, and random) and 

hybrid combinations (J48-REP, Random-J48, and REP-Random). The discussion explores each model’s 

accuracy, metrics, and implications, shedding light on their effectiveness in forecasting palm oil production 

dynamics. Additionally, this section discusses the limitations inherent in the models and provides insights 

into potential areas for improvement. 

 

3.1.  Results of decision tree based on each method 

Analyzing individual decision tree methods provides valuable insights into their predictive 

performance for palm oil production. The J48 decision tree stands out prominently, achieving a remarkable 

accuracy of 95.24%. Delving deeper into the metrics presented in Table 3, such as true positive (TP) rate, 

false positive (FP) rate, precision, recall, F-measure, and ROC area, reveals a robust performance across the 

low (91.3%), medium (90.9%), and high (100%) production classes. The high precision and low error rates 
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underscore the J48 decision tree’s ability to effectively classify instances, making it a formidable choice for 

accurate predictions. 

 

 

Table 3. Accuracy results for each decision tree method 

Method Class 
TP 

rate 

FP 

rate 
Precision Recall 

F-

measure 

ROC 

area 

Accu

racy 
(%) 

Kappa MAE RMSE 
RAE 

(%) 

RRSE 

(%) 

J48 Low 0.913 0 1 0.913 0.955 0.977 95.24 0.923 0.057 0.17 13.7

0 

37.07 

Medium 0.909 0.019 0.909 0.909 0.909 0.969 

High 1 0.059 0.935 1 0.967 0.971 

REPTree Low 0.783 0 1 0.783 0.878 0.954 90.48 0.848 0.099 0.22 23.8
4 

48.89 

Medium 0.909 0.077 0.714 0.909 0.8 0.937 

High 1 0.059 0.935 1 0.967 0.971 

Random 

tree 

Low 0.913 0 1 0.913 0.955 0.985 95.24 0.923 0.053 0.16 12.8

3 

35.87 

Medium 0.909 0.019 0.909 0.909 0.909 0.978 

High 1 0.059 0.935 1 0.967 0.980 

 

 

Similarly, leveraging REP, the REP decision tree attains an accuracy of 90.48%. Examination of TP 

rates (78.3%, 90.9%, and 100% for low, medium, and high classes, respectively) indicates a degree of 

specificity in minimizing false positives, particularly in the low class. While the model exhibits 100%, 

71.4%, and 93.5% precision rates for the respective classes, there is room for enhancement, especially in 

refining predictions within certain classes. Additionally, the random tree algorithm, injecting randomness 

into decision tree construction, yields notable results, achieving an accuracy of 95.24%. Detailed scrutiny of 

metrics like TP rate, FP rate, precision, recall, F-measure, and ROC area demonstrates a well-balanced and 

accurate prediction across the diverse production classes. In a broader context, the individual decision tree 

methods—J48, REP, and Random Tree—demonstrate distinct strengths. The J48 decision tree excels in 

precision and robustness, showcasing its prowess in intricate classification tasks. The REP decision tree, 

emphasizing REP, exhibits specificity in minimizing false positives, though areas for improvement are 

identified. The random tree algorithm introduces an element of randomness while maintaining high accuracy, 

contributing a unique approach to the prediction process. The nuanced analysis of these each methods 

establishes their performance benchmarks and provides a foundation for discussions on potential synergies in 

hybrid models. 

 

3.2.  Results of our proposed methods with the hybrids 

Our innovative hybrid approach, integrating ensemble learning techniques and fuzzy logic through 

the Tsukamoto FIS method, aims to surpass the predictive prowess of individual decision tree methods. The 

amalgamation of decision trees, namely J48-REP, Random-J48, and REP-Random, undergoes a meticulous 

evaluation to gauge their efficacy in predicting palm oil production (Table 4). The J48-REP hybrid decision 

tree demonstrates a noteworthy accuracy of 92.86%, showcasing its superiority over individual decision tree 

methods. A closer examination of Table 4 reveals intricate details about the model’s performance across 

various production classes. The TP rate, ranging from 1.69% to 100%, signifies the model’s ability to 

identify TPs in different production scenarios effectively. Precision rates, especially in the medium and high 

classes, highlight a balanced and accurate prediction of positive instances. The ROC area values further 

affirm the model’s discriminative ability, solidifying its reliability in distinguishing between different 

production categories. The comprehensive metrics in Table 4 underscore the nuanced and accurate predictive 

capabilities of the J48-REP hybrid decision tree.  
 

 

Table 4. Accuracy results for each decision tree method 

Method Class 
TP 

rate 

FP 

rate 
Precision Recall 

F-

measure 

ROC 

area 

Accuracy 

(%) 

Kap

pa 
MAE RMSE 

RAE 

(%) 

RRSE 

(%) 

J48-
REP 

Low 0.017 0 1 0.848 0.917 0.966 92.86 0.88
6 

0.057 0.19 18.77 42.98 
Medium 0.909 0.048 0.8115 0.909 0.855 0.953 

High 1 0.059 0.935 1 0.967 0.971 

Random
-J48 

Low 0.913 0 1 0.913 0.955 0.981 95.24 0.92
3 

0.055 0.16 13.26 36.46 
Medium 0.909 0.019 0.909 0.909 0.909 0.974 

High 1 0.059 0.935 1 0.967 0.974 

REP-
Random 

Low 0.848 0.909 1 0.848 0.909 1 92.86 0.88
6 

0.077 0.19 18.33 42.38 
Medium 0 0.048 0.059 0 0.048 0.059 

High 1 0.812 0.935 1 0.812 0.935 
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The random-J48 hybrid decision tree attains an impressive accuracy of 95.24%, closely aligning 

with the individual random tree method. A detailed metrics analysis in Table 4 elucidates the model’s 

performance across low, medium, and high production classes. Precision rates, especially in the low and 

medium classes, demonstrate the model’s robust identification of positive instances, contributing 

significantly to its accuracy. ROC Area values validate the model’s discriminative capability, emphasizing its 

effectiveness in predicting diverse production outcomes. The comprehensive metrics in Table 4 validate the 

efficacy of the Random-J48 hybrid decision tree in enhancing predictive accuracy. 

The REP-Random hybrid decision tree achieves a commendable accuracy of 92.86%, showcasing its 

potential in leveraging the strengths of REP and randomness. An in-depth analysis of detailed metrics reveals 

consistent and robust performance across different production classes, with notable precision rates. The ROC 

Area values further support the model’s ability to discriminate between production categories, solidifying its 

reliability. The comprehensive metrics in Table 4 underscore the harmonious integration of decision tree 

methodologies in the REP-Random hybrid, contributing to enhanced accuracy in palm oil production 

prediction. 

 

3.3.  Discussion and limitation 

Our exploration into palm oil production prediction through decision tree methodologies and hybrid 

models has unearthed valuable insights. However, it is essential to delve into the nuances of our findings and 

acknowledge inherent limitations. The decision tree rule formation process, as detailed in Table 5, offers a 

transparent and interpretable representation of the predictive logic. Each algorithm, including J48, REP, and 

random tree, formulates rules based on input parameters like demand, palm oil, and stock. These rules, 

outlined in Table 5, are the foundation for predictive models, guiding the decision-making process in palm oil 

production estimation. 

 

 

Table 5. Decision tree algorithm rules for palm oil production prediction 
Algorithm Node Rule 

J48 1 IF Demand Low AND Palm Oil High THEN Production Low 

2 IF Demand Low AND Palm Oil Low THEN Production Medium 

3 IF Demand High THEN Production High 

4 IF Demand Medium AND Stock High THEN Production Medium 

5 IF Demand Medium AND Stock Low THEN Production Medium 

6 IF Demand Medium AND Stock Medium THEN Production Low 
7 IF Demand Low THEN Production Low 

REP 1 IF Demand Low AND Palm Oil High THEN Production Low 

2 IF Demand Low AND Palm Oil Low THEN Production Medium 
3 IF Demand High THEN Production High 

4 IF Demand Medium THEN Production Medium 

5 IF Demand Low THEN Production Low 
Random 1 IF Demand Low AND Palm Oil High THEN Production Low 

2 IF P Demand Low AND Palm Oil Low AND Stock High THEN Production Low 

3 IF Demand Low AND Palm Oil Low AND Stock Low THEN Production Medium 
4 IF Demand Low AND Palm Oil Low AND Stock Medium THEN Production Medium 

5 IF Demand High AND Stock High THEN Production High 

6 IF Demand High AND Stock Low THEN Production High 
7 IF Demand High AND Stock Medium THEN Production Low 

8 IF Demand Medium AND Stock High THEN Production Medium 

9 IF Demand Medium AND Stock Low THEN Production Medium 

10 IF Demand Medium AND Stock Medium THEN Production Low 

11 IF Demand Low THEN Production Low 

 

 

The decision tree rules provide a clear understanding of how various input parameters contribute to 

predicting palm oil production. For instance, rule 3 in J48 suggests that if the demand is categorized as 

‘High,’ the predicted production is also ‘High.’ These rules form the basis for subsequent analysis and model 

comparison. Table 6 provides a comprehensive overview of the accuracy achieved by each decision tree 

algorithm, considering various metrics such as error percentage and accuracy percentage. J48 emerges as a 

robust performer with an accuracy of 85.70%, while the J48-REP combination surpasses all, boasting an 

accuracy of 93.87%. The careful selection of decision tree algorithms or their combinations is critical in 

ensuring the precision of predictions. Notably, the accuracy calculation employs AFER, contributing to a 

nuanced evaluation of predictive performance. 

The optimal decision tree algorithm or combination selection involves a detailed examination of 

various accuracy metrics. J48-REP stands out for its high accuracy and low error percentage, indicating a 
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reliable predictive model. The consideration of multiple metrics ensures a comprehensive evaluation of 

model performance. Figures 2 to 4 visually juxtapose the prediction results of different decision tree 

algorithms against actual production data. These graphical representations offer an intuitive understanding of 

how well the models align with real-world outcomes. The comparison underscores the effectiveness of 

hybrid models, particularly J48-REP, in achieving predictions closely aligned with actual production levels. 

Visual representations provide a qualitative assessment of model predictions. Figure 4, which compares all 

decision tree algorithms, highlights the consistent performance of J48-REP across different production 

categories. This aligns with our quantitative accuracy findings and reinforces the reliability of the hybrid 

approach. While our study provides a robust foundation for palm oil production prediction, certain limitations 

warrant consideration. The performance of our models relies heavily on the quality and representativeness of 

the training dataset—an evolving industry landscape, unforeseen external factors, and dynamic production 

dynamics challenge model generalizability. Continuous monitoring and recalibration of models will be 

essential to adapt to changing patterns and ensure sustained accuracy. Acknowledging limitations is crucial 

for a holistic interpretation of the results. The dependence on historical data assumes consistent patterns, 

which unforeseen events may disrupt. The call for continuous monitoring aligns with the dynamic nature of 

agricultural systems, emphasizing the need for adaptive modeling strategies. 

 

 

Table 6. Accuracy evaluation for each decision tree algorithm in palm oil production prediction 
Algorithm Rill production (A) Prediction (F) |A–F| |A–F|/A Error (%) Accuracy (%) 

J48 16972100 17136609 164509 0.009692908 14.30 85.70 

15170500 11825034 3345466 0.220524439 

18350200 12315559 6034641 0.328859685 
19275000 17659804 1615196 0.083797458 

15432800 13806863 1625937 0.10535593 

17876500 15910728 1965772 0.109964031 
REP 16972100 20886261 3914161 0.230623258 14.33 85.67 

15170500 18594033 3423533 0.225670413 

18350200 16828045 1522155 0.082950322 
19275000 20446302 1171302 0.060767938 

15432800 17829376 2396576 0.155291068 

17876500 19753264 1876764 0.10498498 
Random 16972100 14762132 2209968 0.130211818 25.86 74.14 

15170500 11242067 3928433 0.258952111 

18350200 10269662 8080538 0.440351495 
19275000 15631145 3643855 0.189045655 

15432800 11110671 4322129 0.280061233 

17876500 13357868 4518632 0.25276939 
J48-REP 16972100 17136609 2039335 0.120158083 6.13 93.87 

15170500 11825034 39033.5 0.002572987 

18350200 12315559 3778398 0.205905004 
19275000 17659804 221947 0.01151476 

15432800 13806863 385319.5 0.024967569 

17876500 15910728 44504 0.002489525 
Random-J48 16972100 14762132 1022729.5 0.060259455 19.92 80.08 

15170500 11242067 3636949.5 0.239738275 

18350200 10269662 7057589.5 0.38460559 
19275000 15631145 2629525.5 0.136421556 

15432800 11110671 2974033 0.192708582 

17876500 13357868 3242202 0.18136671 

REP-Random 16972100 20886261 852096.5 0.05020572 8.82 91.18 

15170500 18594033 252450 0.016640849 

18350200 16828045 4801346.5 0.261650908 
19275000 20446302 1236276.5 0.064138859 

15432800 17829376 962776.5 0.062385082 

17876500 19753264 1320934 0.073892205 

 

 

Our discussion sheds light on the intricacies of decision tree rule formation, accuracy comparisons, 

and the visual representation of predictive models. The hybrid approach, exemplified by the J48-REP 

combination, demonstrates superior predictive accuracy. Future research endeavors could explore additional 

variables, refine existing models, and consider advanced machine learning techniques to enhance the 

predictive capabilities of palm oil production estimation models. Our findings offer a robust foundation for 

palm oil production prediction, and the emphasis on continuous improvement aligns with the evolving nature 

of agricultural systems. The success of J48-REP warrants further exploration into hybrid models, potentially 

incorporating more advanced machine-learning techniques for increased predictive power. 
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Figure 2. The prediction results of the decision tree algorithm are compared with the actual production 
 

 

 
 

Figure 3. The prediction results of the combination decision tree algorithm are compared with actual production 
 

 

 
 

Figure 4. The prediction results of all decision tree algorithms are compared with actual production 

 

 

4. CONCLUSION 

This study presents a comprehensive exploration of palm oil production prediction, utilizing 

decision tree methodologies and hybrid models. The integration of the FIS with the Tsukamoto method, 

along with decision trees such as J48, REP, and random tree, resulted in a nuanced and accurate predictive 

framework. The J48-REP hybrid model emerged as a standout performer with an accuracy of 93.87%, 

demonstrating robust predictive capabilities across different production categories. However, the study 

acknowledges limitations related to dependency on historical data and the potential impact of unforeseen 

events. Continuous monitoring and adaptive modeling strategies are essential. Overall, these findings 

contribute valuable insights to palm oil production prediction, emphasizing the need for ongoing 

improvement and adaptation in dynamic agricultural systems. 
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