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Abstract This research investigates the key factors influencing the paddy rice harvest class in West Java, Indonesia, with a
focus on understanding the interplay between traditional farming knowledge and modern technological solutions to
support food security. It is recognize that rice is a staple for a large portion of the global population and critical to food
security. This research explores how decision tree algorithms can help identify the most influential factors and support
sustainable agricultural practices, especially in the context of small-scale rice farming in West Java, Indonesia. A dataset
encompassing demographic variables (age, gender, household involvement), environmental conditions, and farming
experience was analyzed using a decision tree model. The model’s performance was validated using cross-validation,
achieving an average accuracy of 71.43%. In this study reveal that gender and household size of farmers showed moderate
influence, reflecting the socio-economic dynamics of family-based farming. Meanwhile, other factors such as land
ownership and paddy field type had a limited impact to the paddy productions. These findings highlight the need for
structured knowledge transfer programs from experienced from experience farmers to younger farmers and suggest that
combining traditional farming practices with technology farming tools might can improve rice yield outcomes. Furthermore,
the research applies the CRISP-DM methodology to guide data analysis and ensure alignment with agricultural goals. The
integration of data mining in agriculture not only improves understanding of paddy productivity but also supports adaptive
strategies in response to climate variability and demographic shifts. This research provides practical implications for
farmers, researchers, and policymakers seeking to implement targeted interventions that contribute to sustainable rice
production and long-term food resilience in developing regions.
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1. Introduction

Global food security is a pressing concern, and rice, a staple food for a significant portion of the world's population,
plays a critical role in addressing this challenge (El Bilali et al., 2020; Harsanto, 2021). The demand for rice continues to surge,
as evidenced by the consumption of 520.4 million metric tons globally in 2023 (FAO, 2017; Statista, 2024). Despite global rice
production exceeding consumption, reaching 780 million tons with major contributions from China, India, and Bangladesh, as
presented in Picture 1, the growth in rice production has slowed in recent years, whereas demand has dramatically increased
(Maraseni et al., 2018; Muthayya et al., 2014). This widening gap between supply and demand underscores the urgency of
optimizing rice production to ensure food security for future generations (Figure 1).
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Figure 1 Global Rice Consumption (1) and Global Rice Production (2).
Source: Statista (2024).
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While various farming techniques, including modern farming methods, smart farming, and rice variety engineering, have
been implemented to boost rice production, their impact in meeting the escalating demand has been limited (Alfred et al.,
2021; Firdaus et al., 2020; Nawaz et al., 2022). Moreover, the reliance on traditional farming practices, while valuable in many
contexts, often fails to capitalize on the potential of data-driven approaches to optimize resource allocation and enhance yields
(Majumdar et al., 2017; Ngandee et al., 2021).

Data mining, a powerful tool for extracting valuable insights from large datasets, has demonstrated its potential in
various industries, including agriculture (Lausch et al., 2015; Sudirman, 2023). Countries such as China, Vietnam, Thailand, and
Malaysia have successfully employed data mining techniques to forecast agricultural production, mitigate risks associated with
climate variability, and optimize overall productivity (Asli and Rahman, 2023; Boughton et al., 2021; Firdaus et al., 2020; Kong
et al,, 2021). However, Indonesia has lagged behind in adopting these technological innovations, hindering the potential to
leverage data for informed decision-making in rice production (BPS, 2023; Carrasco-Torrontegui et al., 2021).

Furthermore, despite the proven effectiveness of data mining in other agricultural sectors, its application in rice
production research remains limited (Fahad et al., 2019; Prabhakaran et al., 2021), with a significant proportion of existing
research focusing on the impact of climate change on rice production or relying on conventional statistical approaches to
analyze traditional farming practices (Firdaus et al., 2020; Mohamed et al., 2016). This gap in research underscores the need
to explore the potential of data mining techniques to optimize rice production in specific contexts, such as Indonesia.

According to the description above, this research aims to address this gap by (1). A decision tree algorithm was used to
identify the key factors influencing the paddy rice harvest class in West Java, Indonesia. This analysis provides insights into the
complex interplay of demographic, environmental, and resource management variables affecting rice production outcomes.
(2). The implications of these findings for knowledge transfer and technology integration in the context of an aging farming
population are explored. Given the significant role of experienced farmers in traditional rice production systems, this research
examines how data-driven approaches can be integrated with existing knowledge systems to ensure the preservation and
transfer of valuable expertise to future generations. Thus, by reviewing these objectives, this research aims to contribute to a
deeper understanding of how data mining techniques can be harnessed to increase rice production resilience, optimize
resource utilization, and contribute to achieving food security in Indonesia.

2. Materials and methods
2.1. Data Mining and Agriculture

Data mining, a subset of artificial intelligence and machine learning, refers to extracting useful patterns from large
datasets (Lausch et al., 2015; Sudirman, 2023). In the context of agriculture, it plays a pivotal role in addressing complex
challenges such as crop yield prediction, soil fertility assessment, and precision farming (Majumdar et al., 2017). Agriculture, a
data-rich sector, generates extensive amounts of data through various sources, such as remote sensing, weather stations, soil
sampling, and modern agricultural machinery. Paddy rice production, an essential global crop, is an area where data mining
has proven to be transformative in ensuring food security.

As agricultural data continues to grow exponentially, traditional methods of managing and analyzing this data have
proven insufficient (Firdaus et al., 2020; Mohamed et al., 2016). Data mining offers the ability to derive actionable insights that
can enhance decision-making, optimize resources, and increase productivity. Paddy rice, a staple food crop, presents numerous
complexities in its production cycle, such as yield variability due to climate change, pest infestations, and soil conditions. Data
mining and machine learning techniques have been employed extensively to optimize the entire paddy rice production process,
from predicting yields to optimizing water usage.

According to recent studies, machine learning models such as decision trees, support vector machines (SVMs), and
random forests are known for their ability to handle high-dimensional data and classify complex patterns; random forests,
which combine multiple decision trees to improve prediction accuracy and robustness; and clustering algorithms, which group
similar data points on the basis of shared characteristics, aiding in identifying patterns and trends (Son et al., 2020). The
applications of these techniques span a wide range of agricultural challenges. For example, machine learning models have been
effectively utilized to predict yields for crops such as rice on the basis of a combination of agronomic and environmental factors,
empowering farmers with real-time decision-making capabilities for optimizing inputs such as fertilizers, water, and pesticides
(Alfred et al., 2021; Witten and Frank, 2002). Clustering techniques have also been instrumental in grouping paddy fields with
similar soil characteristics and climatic conditions, enabling the implementation of precision farming techniques that reduce
resource waste and increase overall efficiency (Barbosa Junior et al., 2024).

2.2. Decision Tree Algorithm in the Agricultural Sector

Decision tree algorithms are popular machine learning techniques used for both classification and regression tasks (Osei-
Bryson, 2004). They work by splitting datasets into subsets based on feature values, following a tree-like structure where each
node represents a decision and each branch represents an outcome (Witten and Frank, 2002). Decision trees are valued for
their simplicity, interpretability, and ability to model complex relationships without requiring extensive preprocessing of data.
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Their clear visual representation makes them especially suitable for users with limited technical expertise, such as farmers and
agricultural practitioners. The applications of decision trees extend across various domains, including healthcare, finance, and
manufacturing, where decisions based on multiple interacting factors are necessary. For example, decision trees are used in
diagnosing diseases, credit scoring, and quality control in industrial processes.

In the context of agriculture, decision tree algorithms have proven particularly effective in addressing the challenges of
crop management, including yield prediction, disease detection, and resource optimization. For example, decision tree models
have been employed to predict paddy rice yield by analyzing multiple variables, such as soil quality, weather patterns, and
nutrient content. Decision trees could outperform traditional statistical methods in predicting rice yield, providing farmers with
actionable insights to optimize crop production (Saruta et al., 2013). Similarly, decision tree algorithms have been used to
classify soil fertility, guiding farmers in optimal fertilizer application based on soil properties. This approach ensures the precise
use of resources, resulting in increased productivity while reducing waste (Sujatha and Jaidhar, 2024). Decision trees have also
been applied to detect diseases in crops, such as rice blast, enabling early interventions to minimize crop losses (Varsha et al.,
2024).

Data mining can play a crucial role in documenting, analyzing, and preserving this traditional knowledge. By
systematically collecting and analyzing data on traditional practices, including planting times, water management techniques,
crop rotation strategies, and pest control measures, valuable insights can be extracted and shared with younger generations
(AL-Falahi et al., 2023; Denashurya et al., 2023; Santiago and Buot, 2018). Data mining can also be used to validate and refine
traditional methods, identifying areas for improvement or adaptation in light of evolving challenges. Furthermore, data
visualization techniques and user-friendly decision support systems are pivotal in making data-driven insights accessible and
actionable for farmers, effectively bridging the gap between traditional agricultural practices and modern technology. The
integration of advanced technologies such as the Internet of Things (loT), big data analytics, and artificial intelligence (Al) has
transformed conventional farming into a more precise and data-driven approach. The adoption of IoT devices and sensors
enables farmers to monitor various environmental variables in real time, thus optimizing resource utilization and enhancing
productivity (Christanto et al., 2023; Singh et al., 2023).

The use of decision tree algorithms in agriculture continues to expand as the industry becomes more data-driven. With
the integration of decision trees into precision agriculture, water management systems, and disease detection tools, farmers
can make more informed decisions tailored to specific field conditions. For example, decision tree-based models have
optimized irrigation schedules for water-intensive crops such as paddy rice, ensuring efficient water usage while maintaining
high yields (Rahi et al., 2024). However, despite their advantages, decision trees also face challenges such as overfitting and
dependency on high-quality data. As agriculture continues to evolve, hybrid models that combine decision trees with other
machine learning techniques, such as random forests and neural networks, hold the potential to address these limitations,
making decision trees an increasingly vital tool in sustainable agriculture.

2.3. CRISP-DM methods

The CRISP-DM (cross-industry standard process for data mining) methodology is one of the most widely adopted
frameworks for structuring data mining projects (Schréer et al., 2021; Sharda et al., 2017). It provides a comprehensive and
iterative approach to solving problems by translating business requirements into data-driven solutions. The CRISP-DM process
comprises six stages (Nodeh et al., 2020; Schréer et al., 2021): business understanding, data understanding, data preparation,
modeling, evaluation, and deployment. This methodology ensures that data mining tasks are well aligned with business goals
and provides flexibility to revisit earlier stages based on insights gained during the project. In this research, the CRISP-DM
approach was adopted to apply the decision tree algorithm for predicting agricultural outcomes, particularly in paddy rice
production. The steps of CRISP-DM are explained below, as represented in Figure 2.
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Figure 2 The CRISP-DM Procedure.
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2.3.1. Step 1: Business Understanding

The first step in the CRISP-DM methodology involves understanding the business problem and defining the objectives
that the data mining project aims to achieve. The primary goal of this research was to leverage decision tree algorithms to
improve paddy rice production in West Java, Indonesia, by identifying key influencing factors, including demographic,
environmental, and resource management variables. This step focused on clearly defining the problem of enhancing
agricultural productivity and resilience amidst challenges such as climate variability and socioeconomic constraints. Aligning
data mining objectives with practical agricultural needs such as yield prediction, disease detection, and optimal resource
allocation ensures actionable insights that can support farmers, researchers, and policymakers in promoting sustainable and
resilient agricultural practices.

2.3.2. Step 2: Data Understanding

This step involved gathering and becoming familiar with the data required for analysis. For this project, agricultural
datasets were sourced from government agricultural databases and sensor data from paddy fields, encompassing historical
data on paddy rice production, soil characteristics, weather patterns, and water usage. The data were assessed for
completeness, identifying missing values, outliers, and inconsistencies that could affect the model's performance. This phase
ensured that the relevant data were appropriately defined and contextualized to support the modeling objectives.

2.3.3. Step 3: Data Preparation

The data preparation phase involved cleaning, integrating, and transforming the collected datasets into a suitable
format for modeling. Data cleaning addresses missing values and outliers, whereas data transformation ensures compatibility
for model training. Features such as soil pH, temperature, rainfall, and pest presence were selected for their potential relevance
to predicting key target variables, including rice yield and plant health. Ensuring data quality and structure at this step is critical
for accurate model development.

2.3.4. Step 4: Modeling via the decision tree algorithm

Once the data are prepared, the modeling phase commences by employing a decision tree algorithm, which is chosen
for its interpretability and suitability for complex, nonlinear relationships present in agricultural data. The model was trained
to identify and split data into subsets on the basis of features such as age, years of work, and soil characteristics, creating a
hierarchy of decision nodes that predict paddy harvest. Hyperparameter tuning was performed to optimize the tree depth,
minimum number of samples per node, and other parameters, reducing overfitting and ensuring robust model performance.
Cross-validation methods were applied to validate the model's ability to generalize effectively across different data subsets.

2.3.5. Step 5: Evaluation

The evaluation phase of the CRISP-DM process focuses on assessing the model’s performance to ensure that it meets
the defined business objectives. In this research, the decision tree model was evaluated via metrics such as accuracy, precision,
recall, and the F1 score for classification tasks (such as disease detection) and the mean absolute error (MAE) and root mean
square error (RMSE) for regression tasks (such as yield prediction). The evaluation demonstrated that the decision tree
performed well in predicting rice yield based on soil, weather, and management variables and showed strong performance in
identifying early signs of disease in rice plants. The results indicated that the decision tree model could provide reliable,
actionable insights to help farmers make better decisions about irrigation, fertilization, and pest control.

2.3.6. Step 6: Deployment

The deployment phase focused on integrating the decision tree model into a decision support system designed for
paddy farmers. This user-friendly platform allows farmers to input field-specific data and receive tailored recommendations
for irrigation, fertilization, and disease prevention measures. Graphical visualizations of the decision-making process enhance
comprehension by illustrating how factors such as soil moisture and weather patterns influence outcomes. The deployment
aims to empower farmers with practical tools to make informed, data-driven decisions that boost productivity and resource
efficiency.

2.3.7. Step 7: Iteration and Continuous Improvement

One of the key strengths of the CRISP-DM framework is its iterative nature. Following model deployment, real-world
performance and user feedback are continuously analyzed, with opportunities to revisit earlier phases as needed. For example,
additional features such as real-time weather data or pest outbreak alerts may be incorporated on the basis of farmer input,
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and model parameters can be further tuned to increase prediction accuracy. Continuous monitoring and refinement ensure
that the model remains adaptive, relevant, and effective in addressing evolving challenges in paddy rice production.

3. Results and Discussion
3.1. Model Performance

The decision tree model, trained on a dataset encompassing demographic, environmental, and resource management
variables related to paddy rice production in West Java, Indonesia, demonstrated reasonable predictive ability. The cross-
validation scores ranged from 0.694 to 0.729, with an average accuracy of approximately 71.43%, indicating the robust
performance of the predictive model being evaluated (Habibi et al., 2024; Phinzi et al., 2021). This performance, while
promising, is subject to the inherent limitations of the dataset, particularly its restricted size and the presence of class
imbalances. These limitations underscore the importance of future research utilizing more extensive and balanced datasets to
enhance the model's generalizability and predictive accuracy.

3.2. Feature Importance Analysis

The decision tree analysis, as depicted in Figure 3, revealed the relative importance of different features in predicting
"Kelas Panen" (harvest class). Notably, age (Usia) emerged as the most influential factor, with an importance score of 0.372.
Years of work followed closely (Lama Bekerja), with an importance score of 0.316. This prominence of age and experience
aligns with previous research highlighting the pivotal role of accumulated knowledge and traditional practices in achieving
successful agricultural outcomes (Srisopaporn et al., 2015; Tankou et al., 2017). Gender, with an importance score of 0.181,
had a moderate impact on harvest class prediction. This finding suggests potential gender-based differences in labor division,
access to resources, and decision-making authority within farming households, echoing observations made in studies exploring
gender dynamics in agricultural systems (Kinkingninhoun Medagbe et al., 2020). The number of household members (Anggota
Kel), with an important score of 0.132, plays a significant role in influencing productivity, primarily because of its association
with labor availability during critical farming stages. This relationship is supported by various studies that highlight the impact
of household composition on agricultural productivity. For example, research shows that gender norms and the allocation of
labor within households can significantly affect agricultural outcomes, emphasizing the importance of understanding labor
distribution among household members (Arora and Rada, 2020; Haile, 2016). Interestingly, features such as ownership status
and type of paddy field exhibited zero importance in the model. This suggests that these factors, within the specific dataset
analyzed, might have limited variability or a weaker relationship with yield outcomes than the more dominant influences of
age, experience, and household dynamics. This finding is consistent with the previous research which emphasized that
household characteristics, including the number of economically active members and farming experience, are significant
determinants of agricultural productivity (Gebrehiwot, 2015; Nuno and Baker, 2021). Their study highlights how these factors
can overshadow other variables, such as land ownership, which may not significantly affect productivity outcomes.

Decision Tree Diagram with Best Parameters
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samples = 25
value = [15, 50]
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Figure 3 Decision Tree Analysis Results.
3.3. Intepretation and Discussion

The predominance of age and years of work as the main predictors emphasizes the importance of accumulated
knowledge and experience in traditional farming, as reported in a previous research (Srisopaporn et al., 2015). Although
agricultural methods may offer technological solutions, our findings highlight that experience-driven approaches remain
essential in many agricultural contexts (Tankou et al., 2017). Another aspect that has a high impact on harvest is gender and
household dynamics, which reflect the economic and social factors that can also affect the productivity of paddy fields
(Kinkingninhoun Medagbe et al., 2020).

7|
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Agricultural work, especially rice farming, often requires good judgment on the basis of years of practical experience. In
general, older farmers accumulate a wealth of hands-on knowledge that spans multiple seasons and a variety of climatic
conditions. This allows them to make better choices about agricultural practices (Dissanayake et al., 2021; Li et al., 2022). These
choices may include the most suitable planting time. Proper water management techniques include crop rotation strategies
and pest control measures according to the specific needs of the region (AL-Falahi et al., 2023; Chongtham et al., 2017). The
relationship between traditional practices and community wisdom increases the resilience and ability to adapt to farming
methods, but it also increases the need for a structured approach to transferring knowledge from senior to junior individuals.
To ensure that valuable expertise is not lost over time (Denashurya et al., 2023; Santiago and Buot, 2018).

Moreover, age can reflect a deeper connection to ancestral practices and community wisdom that are handed down
through generations. In regions where traditional and subsistence farming are prevalent, such as West Java and Indonesia,
older farmers often act as custodians of this knowledge, providing mentorship to younger generations and preserving essential
farming techniques (Carrasco-Torrontegui et al., 2021; Mukandahiro et al., 2024). This accumulated expertise is invaluable,
especially in scenarios where modern technological solutions may be inaccessible or underutilized.

Another finding regarding paddy harvest also strengthens the findings of previous researchstudies, which show that
older farmers often exhibit greater resilience and adaptability to challenges such as shifting weather patterns, soil degradation,
and pest infestations. Older farmers legitimate their farming knowledge and skills to the next generation, which is closely
related to their children. Their historical familiarity with both land and environmental variations gives them an edge in their
ability to respond swiftly and effectively to these issues (Abdullah et al., 2018; Asli and Rahman, 2023). This resilience is likely
to contribute to their ability to achieve higher yields, as reflected in the "Kelas Panen" classification. Age is also closely tied to
social and economic roles within farming communities. Senior farmers often hold leadership positions within agricultural
cooperatives or informal networks, giving them access to shared resources, information, and decision-making power that can
influence crop productivity. Their prominent role in community-based farm initiatives often means that they can mobilize
resources more effectively and rapidly adopt best practices.

Given the strong influence of age on productivity outcomes, policy interventions should prioritize knowledge transfer
programs that capture and disseminate the expertise of older farmers to younger generations. This can be achieved through
mentorship schemes, community-based training sessions, or digital platforms designed to document and share traditional
practices. Such initiatives could ensure that the collective experience of older farmers leads to improved overall productivity
and resilience across generations.

Moreover, integrating modern technological solutions with traditional practices may yield synergistic effects. For
example, combining digital tools for data collection with age-old soil management techniques can help optimize resource use
and improve crop yields to gain resilience for food security in Indonesia, as previous studies indicate the importance of
adaptability, capabilities, and innovation for a more resilient and sustainable future, especially in light of disruptions such as
the COVID-19 pandemic (Astuty et al., 2024; Harsanto et al., 2024; Santiago and Buot, 2018).

4, Conclusions

This research demonstrated that age, years of work, gender, and household dynamics significantly influence "Kelas
Panen" (harvest class) in paddy rice production. By leveraging data mining techniques, particularly decision trees, we identified
key factors that impact productivity and yield outcomes. Age emerged as a critical predictor because of its strong correlation
with accumulated experience, knowledge, and adaptive capacity in farming practices. The findings underscore the need for a
balanced integration of traditional farming expertise and modern technological solutions to optimize rice production and
improve food security in Indonesia.

The research also provides valuable insights for farmers, researchers, experts, and decision-makers, promoting
collaboration to improve resilience, productivity, and sustainability within the agricultural sector. Nonetheless, the study faced
constraints due to a limited sample size and class imbalance, which could influence the applicability of the findings. Future
studies ought to utilize larger and more diverse datasets, investigate additional variables, and implement more sophisticated
models to enhance comprehension and facilitate decision-making in rice production systems.
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