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Optimizing agricultural productivity in marginal areas of Merauke
Regency, South Papua Province, Indonesia, faces significant
challenges due to a high yield gap and low input efficiency. This study
proposes an innovative machine learning-based approach to evaluate
and map the performance of upland rice farmer groups by using PFPL
(Prospective Farmer Prospective Location) data, which only has
previously been used administratively. By integrating a predictive
model (Random Forest Regressor), success classification, and K-
Means Clustering, this study builds an adaptive and replicable
analytical framework to support Data-Driven agricultural decision-
making. The analyzed dataset includes 30 farmer groups which
containing technical information such as land area, seed use, pesticide
use, and herbicide use, as well as actual and targeted yields. The
feature engineering process yielded the input efficiency ratio as the
primary variable. The Random Forest regression model achieved a
near-perfect fit on the available dataset (R* = 0.95; RMSE = 0.41).
However, given the limited sample size (30 farmer groups), the result
should be interpreted cautiously and regarded as exploratory rather
than conclusive. Cluster analysis revealed two segments: a high-input
but inefficient group and an efficient group with very high yields.
These results highlight that input quantity does not guarantee
productivity without efficient use. This study not only expands the
literature on agricultural intelligence but also offers a practical
approach for policymakers to design efficiency-based interventions,
incentives, and training. This approach is also relevant for accelerating
digital transformation and food security in underdeveloped regions.
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INTRODUCTION

Agriculture is a crucial sector in Indonesia because it absorbs labor, directly and indirectly
impacting to the economy of Indonesia [1]. One important agricultural commodity in Indonesia is rice.
Rice is a strategic food commodity in Indonesia that supports national food security and the welfare of
farmers, especially in rural areas. One of the main challenges in developing rice farming is the yield gap
between actual farmer productivity and the potential yield that can be achieved through optimal
cultivation practices [2]. This problem is increasingly complex in dryland and rain-fed areas, such as
Papua Province in general [3], [4] and South Papua, Indonesia in particular, which have marginal agro-
ecological conditions and are often not served by irrigation systems, leading to declining agricultural
production [5]. Despite various government intervention programs, the yield gap remains significant,
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and conventional approaches to evaluating farmer group performance tend to be static, non-adaptive,
and not comprehensively Data-Driven [6].

The main problem which was highlighted in this study is the suboptimal utilization of PFPL
(Prospective Farmer Prospective Location) data to analyze input efficiency patterns and yield
performance of farmer groups in the rainfed area of Merauke Regency, South Papua. This data, which
includes information on land area, seed varieties, pest types, and actual yields and productivity targets,
has been used primarily for administrative purposes, rather than predictive analytics. This case gives
effects to some aspects such as the decisions about aid distribution, technical training, and intervention
programs not being fully based on real needs or local potential [7]. Therefore, a new approach is needed
which can translate this data into meaningful insights by using machine learning and spatial analytics
technology.

The previous studies have demonstrated the potential of machine learning in predicting crop
yields [8], [9], [10], [11], grouping regions based on agroecological similarities [12], [13], predicting
rice yields [14], [15], [16], [17], [18], and identifying agricultural input efficiency [19], [20], [21].
However, most of these studies have focused on irrigated agricultural systems in developed countries,
and there are only a quite few studies have been directly applied to the context of dryland rice farming
in Indonesia, especially in areas with limited access such as South Papua. Furthermore, previous
research tends to separate predictive [22], [23] and segmentative [24], [25], approaches, even though
integrating the two, including the use of various machine learning algorithms, can provide a more
comprehensive picture for decision-making.

This study offers an integrative approach which combines yield gap prediction by using a
supervised learning algorithm and agricultural area segmentation through a clustering method based on
input efficiency and actual yields. This approach allows for the classification of farmer groups based on
their success in achieving productivity targets and the identification of areas with homogeneous input-
output patterns. The newest finding of this study can be seen in the use of input efficiency ratios (seeds,
pesticides, and herbicides per hectare) as the main variable in regional grouping, as well as the
integration of geographic coordinate data, which opens up the potential for advanced spatial analysis.

The urgency of this research is growing as climate variability directly impacts dryland
agricultural systems. Without analytical tools which are adaptive and Data-Driven intervention, the
programs are vulnerable to inaccurate targeting and potentially lead to budget inefficiencies. On the
other hand, a Data-Driven approach can be a solution for strengthening early warning systems, planning
the distribution of superior seeds, and developing fairer and more effective agricultural insurance
programs [3], [26], [27]. Local governments and agricultural policymakers can utilize the results of this
study to develop evidence-based agricultural development strategies (evidence-based agricultural
planning).

The primary contribution of this research is the development of a machine learning-based farmer
group performance analysis framework that can be replicated in other regions with similar
characteristics. This study also addresses a gap in previous research which has not simultaneously
integrated predictive analysis and efficiency segmentation. Using real-world data from Merauke
Regency, South Papua Province, this approach demonstrates direct application in the context of
agricultural development in eastern Indonesia, which has historically lagged behind in the adoption of
precision agriculture technology. Therefore, this research not only contributes to the growing scientific
literature in agricultural informatics and precision agriculture but also provides practical solutions for
data-driven decision-making in the agricultural sector. The implications of this research are expected to
support the formulation of more adaptive, sustainable, and pro-smallholder agricultural development
policies operating in areas with limited access to technology and intensive mentoring. From an applied
informatics perspective, this study contributes to the development of a data-driven decision-support
framework that integrates predictive analytics and clustering techniques into a unified workflow. The
framework enables agricultural stakeholders to identify productivity gaps, classify farmer-group
performance, and prioritize interventions using evidence-based information.

RESEARCH METHODS

This research uses a quantitative data mining-based approach by applying supervised and
unsupervised machine learning techniques to analyze the performance of upland rice farming in the
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rainfed area of Merauke Regency, South Papua Province. The method used includes five main stages,
and they are such as: (1) data collection and exploration, (2) preprocessing and feature engineering, (3)
predictive modeling for the yield gap, (4) farmer group success classification, and (5) area segmentation
by using clustering. This research is Data-Driven and has purpose to develop a replicable framework for
Data-Driven decision-making.

Data Source and Description

The data used is the dataset of PFPL (Prospective Farmers and Prospective Locations) Upland
Rice in 2025, which was obtained from technical agencies in Merauke Regency, South Papua Province,
Indonesia. The dataset contains information on farmer-group locations, land area, input usage, and
productivity indicators of farmer groups (sub-districts, villages, and GAPOKTAN), the identity of the
group leader, land area, seed volume, dominant pest species, land type, and actual (existing) and target
(target) harvest yields. The total is consisted of 30 farmer group entries spread across the rainfed area.
Although the dataset size is relatively small, it represents all available PFPL upland rice farmer groups
within the study area. Therefore, the analysis should be considered exploratory and intended to
demonstrate the feasibility of applying machine learning techniques to local agricultural decision-
support processes.

Pre-processing and Feature Engineering
The initial stage of analysis was carried out by cleaning the data from duplicates, missing values,

and irrelevant entries. After that, a feature engineering process was performed to create derived variables
that represent the efficiency of input use in relation to production output. The new features generated
include:

1) seed ratio_per ha = seed volume (kg) / land area (Ha)

2) pesticide ratio_per ha = pesticide quantity (kg/Ltr) / land area (Ha)

3) herbicide ratio_per ha = herbicide quantity (Ltr) / land area (Ha)

4) gap provitas_kw_ha = target productivity — existing productivity

The gap provitas _kw _ha variable is used as the target in predictive and classification modeling.

Prediction Modeling of Yield Gap

To predict the difference between target and actual productivity (productivity gap), The Random
Forest Regressor was configured with n_estimators = 100, random_state = 42. The data was separated
into training and test data with a ratio of 80:20. The model was evaluated by using Root Mean Square
Error (RMSE) and R? Score metrics to assess accuracy and the proportion of variation explained by the
model. Input features used included: land area, seed volume, pesticides, herbicides, and efficiency ratio
per hectare. Due to the limited dataset size, the model was evaluated using a train-test split strategy.
Future studies should incorporate k-fold cross-validation to obtain a more robust estimate of model
generalizability.

Classification of Successful vs. Unsuccessful Groups

Classification labels were determined based on the productivity gap criterion: if the gap was <
0.5, it was categorized as successful; if it was > 0.5, it was unsuccessful. The Random Forest Classifier
algorithm was used to build the classification model. Performance evaluation was conducted by
examining the confusion matrix, precision, recall, and f1-score for each class. The aim of this stage was
to identify the characteristics of farmer groups that were able to approach the target harvest yield.

Regional Clustering Based on Efficiency and Results

In the next step, the regional segmentation was performed by using K-Means Clustering method
to group farmer groups based on input efficiency and existing productivity. The features used include:
seed ratio_per_ha, pesticide_ratio_per_ha, herbicide ratio_per_ha, and existing provitas_kw_ha.
Data were standardized by using Standard Scaler. The optimal number of clusters was determined by
using Elbow method. The clustering results were then analyzed to identify patterns of high and low
efficiency areas as a basis for spatial intervention strategies.
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Visualization and Interpretation of Results

The prediction, classification, and clustering results were analyzed descriptively and visualized
in tables and graphs to clarify differences between groups. Interpretation was performed to identify
groups with high efficiency but not yet achieving targets, as well as areas with potential for best
practices. These results were then used as the basis for developing Data-Driven policy
recommendations.

Tools and Environment Analysis

The entire analysis process was conducted by using Python platform of 3.11 with the pandas
library, scikit-learn, and matplotlib. Orange Data Mining was used for initial exploration, while cluster
visualization was performed in matplotlib and seaborn. This research follows the principle of open
replication (reproducibility) with code documentation and a pipeline which can be adapted to various
regions.

RESULT AND DISCUSSION

Result

This research produced three main interrelated outcomes: yield gap prediction, farmer group
success classification, and regional efficiency segmentation by using the clustering method. Random
Forest Regressor model used to predict the difference between target and actual harvest yields performed
very well. The Random Forest regression model achieved a coefficient of determination (R?) of 0.95
and an RMSE of 0.41 on the test set, While these results indicate strong predictive performance, they
should be interpreted cautiously because the dataset contained only 30 observations and was evaluated
using a single train-test split. Although the model demonstrated strong predictive performance, the result
should be interpreted cautiously because the dataset consisted of only 30 observations, the result should
be interpreted cautiously because the dataset consisted of only 30 observations. Additional validation
using larger datasets and cross-validation procedures is required before claiming broader predictive
capability. Figure 1. shows a close agreement between actual and predicted yield-gap values, indicating
strong predictive performance with minor prediction errors.

Table 1. Metric Score
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Figure 1. Comparison of Actual vs Predicted Yield Gaps

Farmer groups were classified based on their success in achieving productivity targets using a
productivity gap provitas kw ha < 0.5 as an indicator of success. A Random Forest Classifier model
was applied to classify groups into successful and unsuccessful classes. However, the classification
results showed that all test samples fell into one class (unsuccessful), this outcome indicates severe class
imbalance and limits the interpretability of classification metrics. Consequently, the classification model
should be viewed as a preliminary exploratory analysis rather than a validated predictive classifier. This
also indicates that the majority of farmer groups were unable to achieve their established harvest targets.

Efficiency segmentation was performed by using K-Means Clustering method with four main
variables: seed ratio per ha, pesticide ratio per ha, herbicide ratio per ha, and
existing_provitas_kw_ha. To determine the optimal number of clusters, Elbow method was used, as
shown in Figure 2. The elbow point is clearly visible at k = 2, which was chosen as the most appropriate
number of clusters for data representation.
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Figure 2. Elbow Method for Optimal Number of Clusters

After the clustering process, two clusters with distinct characteristics were obtained. The first
cluster reflects a group of farmers with conventional practices: high inputs but relatively low yields.
Conversely, the second cluster represents a group that is efficient in input use and produces much higher
productivity. The average efficiency and yield variables for each cluster are shown in Table 2. below.

Table 2. Average Efficiency Ratios and Yield by Cluster

Seed Ratio . . . Herbicide Yield
Cluster Land Area (Ha) (kg/Ha) Pesticide Ratio Ratio (Kw/Ha)
0 45.83 40.00 1.00 2.00 2.5
1 9.00 1.22 1.44 1.66 17.0

A visualization of the comparison between clusters is presented in Figure 3, highlighting the
contrast between the efficient and conventional groups.
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Figure 3. highlighting the contrast between the efficient and conventional groups.
Discussion

The results of this study demonstrate that a machine learning-based predictive approach can
provide an accurate picture of the yield gap in upland rice farming systems in rainfed areas such as
Merauke Regency, South Papua. Random Forest Regressor Model used demonstrated very high
performance, with an R? value of 0.95 and a prediction error of nearly zero (RMSE = 0.41). This success
reflects the robust structure of PFPL (Prospective Farmers and Prospective Locations) data used to
model the relationship between input variables (land area, seeds, pesticides, herbicides) and productivity
output. These findings are consistent with previous studies demonstrating that machine learning models
can address the complexity of agricultural data with superior predictive results [28], [29].

However, the classification of farmer group success using Random Forest Classifier algorithm
demonstrated suboptimal results due to the dominance of the "unsuccessful" class in the data. This
imbalance in label distribution indicates that the majority of groups have not been able to achieve their
set productivity targets. This clearly reflects the challenges faced in marginalized areas like South Papua,
where environmental conditions, access to technology, and farmers' technical skills remain major
obstacles. On the other hand, this situation opens up opportunities for further research with additional
data from successful farmer groups to refine the classification model and support a more representative
machine learning process.

The clustering process resulted in two groups of farming areas with starkly contrasting
characteristics. The first cluster represents common agricultural practices such as the use which was
high but inefficient input with relatively low yields. In contrast, the second cluster demonstrates better
input efficiency and produces significantly higher productivity. Interestingly, based on the clustering
results, groups in the efficient cluster actually have a very low seed ratio, yet manage to achieve
productivity of up to 17 kW/ha. This finding suggests that efficiency, not input quantity, is the key to
success in dryland farming systems [30], [31].

The policy implications of this research are important for local governments and policymakers
in the agricultural sector to consider. First, The findings may provide preliminary guidance for local
governments in designing cluster-based intervention strategies, where groups in the efficient cluster
serve as models of best practices and receive support to become training centers for other farmers.
Meanwhile, groups in low-efficiency clusters need to be provided with intensive mentoring, including
training in cultivation techniques, reformulating input distribution, and evaluating the effectiveness of
more targeted subsidies. Data-Driven, transdisciplinary policies like this would be more adaptive than
the uniform national approach currently implemented without taking local variations into account [32],
[33].

Second, the results of this analysis can also form the basis for planning performance-based
incentive programs, where farmer groups with high efficiency and consistent yields are provided with
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additional support such as market access, agricultural insurance programs, and farm credit. Furthermore,
with the geographic features (coordinate points) in PFPL data, a spatial-based information system can
be built as the basis for a decision support system (DSS) for the agricultural sector. This approach aligns
with the national vision of agricultural digitalization and simultaneously supports the Sustainable
Development Goals (SDGs) for food security, poverty alleviation, and increased agricultural
productivity in disadvantaged regions [34], [35].

CONCLUSION

This study demonstrates that PFPL (Prospective Farmer Prospective Location) Data-Driven
machine learning approach can provide a comprehensive understanding of the yield gap and input
efficiency in upland rice farming systems in the rainfed area of Merauke Regency, South Papua
Province. The regression model produced highly accurate predictions of the gap between target and
realized productivity, while the clustering process successfully identified two main groups, and they are
such as: conventional farmer groups with high inputs but low yields, and efficient groups with low inputs
but high productivity. These results confirm that the efficiency of agricultural input use, not simply the
quantity, is the primary determinant of achieving optimal yields in dryland areas. These findings may
provide preliminary insights for efficiency-based agricultural interventions and data-driven decision-
support systems, particularly for designing efficiency-zoning-based interventions and developing more
contextual and Data-Driven decision-making systems.

For future research, the integration of supporting variables such as climate data, soil conditions,
and cultivation practices is recommended to increase the model's reach across various agro-ecological
contexts. This study is limited by the relatively small sample size (30 farmer groups), class imbalance
in the classification stage, and the use of a single train-test split for model evaluation. Therefore, the
findings should be interpreted as exploratory and require validation using larger and more diverse
datasets. Expanding the sample size from various regions and farmer groups that have achieved
productivity targets is also crucial to address class imbalance in the classification model. Furthermore,
the integration of spatial and remote sensing data has the potential to strengthen spatial analysis and
area-based policy mapping. The development of an interactive dashboard system based on these findings
will be highly beneficial for local governments and agricultural extension workers in developing more
adaptive and sustainable food security policies and performance-based interventions.
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