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Abstract

Indonesia has significant potential in duck farming; however, the productivity of local laying ducks remains low due to
traditional feed management practices that do not consider nutritional balance. This study aims to determine the optimal
feed composition for laying ducks using the K-Means Clustering algorithm. A dataset consisting of 13 types of feed
ingredients and five nutritional variables (protein, fat, fiber, calcium, and phosphorus) was analyzed. Prior to clustering,
data normalization was performed, and the Elbow Method indicated that three clusters were the optimal grouping (SSE
reduction stabilizing at k = 3). The results show that Cluster 1 contains high-protein ingredients (= 18%), such as fishmeal
(49.03%), blood meal (80.31%), soybean meal (46.27%), and fresh snails (48.70%), making it the most optimal cluster to
support egg production due to its superior protein and phosphorus composition. Cluster 2 represents low- to medium-
protein ingredients (1%-9%), functioning mainly as energy and fiber complements, whereas Cluster 3 consists of high-
fiber ingredients (9%—15%) suitable as digestive balancers. Based on these findings, Cluster 1 is recommended as the
primary component in formulating duck feed. This study demonstrates the practical value of machine learning in livestock
feed optimization and provides a data-driven recommendation that can help farmers improve productivity and efficiency
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1. Introduction

Indonesia is one of the countries with the highest potential for duck production in Southeast Asia, supported by its
climatic suitability, abundant natural resources, and long-standing cultural integration of duck farming. Laying ducks
contribute significantly to the national egg supply, accounting for approximately 19.35% of total egg production, making
them an important source of high-quality animal protein for the population(Fitri Yani et al., 2024).Duck eggs are well
known for their high nutritional value, distinct flavor, and superior amino-acid profile compared to several other animal-
protein sources, leading to increasing consumer demand across various regions.

In many rural areas, including Secang District in Magelang Regency, duck farming plays an essential role in
household income generation. The availability of land, water access, and local feed ingredients make the region highly
suitable for laying-duck farming, with some farmers capable of producing hundreds of eggs per day. However, despite
this potential, the productivity of Indonesian local ducks remains far below optimal levels. This is primarily due to
traditional management practices, especially in feed formulation, which remain highly subjective and inconsistent across
farmers.

Feed is a major determinant of poultry productivity, accounting for up to 60—-70% of total production costs and directly
influencing egg output, growth performance, and livestock health. Yet, farmers in many rural areas formulate feed based
merely on availability and peer recommendations, without considering the specific nutritional needs of laying ducks.
Such practices often result in imbalanced nutrient composition, deficiencies in essential components such as protein,
calcium, and phosphorus, or excessive fiber levels that reduce feed efficiency. These inconsistencies contribute to
reduced egg production, poor feed conversion, and in some cases, increased mortality due to prolonged nutritional stress
(Rozi et al., n.d.).
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To address these challenges, data-driven precision-feeding approaches have gained significant attention globally.
Recent developments in artificial intelligence (AI) and machine learning (ML) offer powerful tools to optimize livestock
feed formulation by analyzing multi-variable nutritional datasets and identifying patterns that are not easily observed
through conventional methods (Zhang et al., 2025a). In particular, unsupervised learning techniques such as K-Means
Clustering have been widely applied in agriculture and animal science to classify feed materials, identify nutrient
similarities, detect anomalies, and support decision-making in feed optimization (Giantika Utami, 2022).

Machine learning has shown strong potential in several livestock-related domains, such as predicting feed efficiency
(Zhang et al., 2025b), optimizing dietary protein levels (Ma et al., 2022a), classifying feed ingredients (Nuningtyas et
al., 2023), modeling egg-production curves (Tukiyat et al., 2024), and generating precision-nutrition guidelines for
poultry (Naeem et al., 2025a). K-Means clustering, in particular, has been demonstrated as an effective tool for grouping
feed ingredients based on chemical composition, metabolizable energy, amino acids, or mineral content (Akintan et al.,
2024). These studies prove that Al-assisted feed formulation can significantly enhance productivity, reduce costs, and
improve sustainability.

In the context of laying duck farming, the application of machine learning techniques remains limited, especially at
the local farmer level. Therefore, integrating K-Means clustering to analyze nutrient content and production performance
presents an opportunity to formulate objective, consistent, and data-driven feed recommendations. By clustering feed
ingredients based on nutritional similarity, farmers can identify which combinations of protein, fat, fiber, calcium, and
phosphorus are most supportive of egg production. This approach minimizes trial-and-error feeding practices and
promotes efficient feed utilization.

Based on these considerations, this research aims to analyze and determine the optimal feed composition for laying
ducks using the K-Means Clustering algorithm. The specific objective of this study is to group feed ingredients based
on their nutritional characteristics and identify the cluster with the most suitable nutrient balance to support optimal egg
production. The findings of this study are expected to assist farmers in adopting more scientific and effective feed-
formulation practices, thereby improving productivity and supporting the development of sustainable duck farming
systems.

2. Methods

2.1. Research procedure

FProblemn Identification

Data Preparation
(Literature review and data collection)

Crata Preprocessing
(cleaning, normali tion, and
transformation)

Determination of the Mumber of
Clusters (Elbow Method)

Centriod Initialization

K.Mmeans Clusterning
(distance calculation & iterative
centroid update)

Cluster Analysis

Recommendation Cutput

hModel Evaluation & Validation

Figure 1. Flowchart of research stages
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This study employs a structured, iterative workflow designed to ensure the accuracy, validity, and reproducibility of
the clustering analysis for optimizing feed composition for laying ducks. The comprehensive procedure, illustrated in
Figure 1, integrates data collection, machine learning techniques, and domain expertise. It consists of nine interconnected
stages: (1) problem identification and literature review, (2) data collection and preparation, (3) data preprocessing
(cleaning, normalization, outlier assessment), (4) determination of the optimal number of clusters (k) using the Elbow
Method, (5) centroid initialization, (6) the iterative K-Means clustering process, (7) cluster analysis and interpretation,
(8) formulation of practical recommendations, and (9) model evaluation and validation. The flowchart highlights key
decision points and the iterative feedback loop within the K-Means algorithm, ensuring a transparent and systematic
research process.

2.2. Data collection and preparation

The study began by identifying key challenges faced by laying-duck farmers in Secang District, Magelang Regency,
Indonesia, through direct engagement. The primary problems included inconsistent feeding practices, limited knowledge
of precise nutrient requirements, and difficulties in formulating scientifically appropriate, cost-effective feed.

Table 1. Feed ingredient data and sources

Yes Feed Source

1 Fresh Snails Practitioner Interview of Bp. Faisal, Laying Duck Breeder in Purwosari Secang
Village

2 Brown Rice Recommended Feed for Laying Ducks Page 107 to 108 (H. Rahmat Rukmana,
2024)

3 Soybean Meal Recommended Feed for Laying Ducks Page 107 to 108 (H. Rahmat Rukmana,
2024)

4 Coconut Meal Recommended Feed for Laying Ducks Page 107 to 108 (H. Rahmat

Rukmana, 2024)

5 Fine Bran Practitioner Interview of Bp. Atok Laying Duck Farmer in Donomuyo Secang
Village

6 Corn Practitioner Interview of Bp. Faisal, Laying Duck Breeder in Purwosari Secang
Village

7 Soybean Recommended Feed for Laying Ducks Page 107 to 108(H. Rahmat Rukmana,
2024)

8 Laying Duck Feed  Interview of Practitioner Bp. Atok Laying Duck Breeder in Donomuyo Secang
HDIP3 1218 Village, Bp. Faisal Laying Duck Farmer in Purwosari Secang Village, and Bp.
Fahrur Laying Duck Farmer in Karang Kajen Secang Village

9 Blood Flour Recommended Feed for Laying Ducks Page 107 to 108 (H. Rahmat Rukmana,
2024)

10 Lamtoro Leaf Recommended Feed for Laying Ducks Page 107 to 108 (H. Rahmat Rukmana,
Flour 2024)

11 Fishmeal Recommended Feed for Laying Ducks Page 107 to 108 (H. Rahmat Rukmana,
2024)

12 Cassava Flour Recommended Feed for Laying Ducks Page 107 to 108 (H. Rahmat Rukmana,
2024)

13 Fish Bone Meal Recommended Feed for Laying Ducks Page 107 to 108 (H. Rahmat Rukmana,
2024)

Data Sources:

Primary Data: Collected through structured interviews and on-site observations with three experienced laying-duck
farmers (n=3) across three villages (Purwosari, Donomuyo, and Karang Kajen). Data included locally used feed types
and their perceived nutritional values.

Secondary Data: Sourced from authoritative literature on duck nutrition and standard feed formulation guides (Akintan
et al., 2024)These values were cross-referenced with established poultry nutrient requirements (Ma et al., 2022a)to
ensure scientific validity.
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The final curated dataset comprised 13 feed ingredients, each characterized by five critical nutritional variables:
Protein, Fat, Fiber, Calcium, and Phosphorus. To enhance computational precision and avoid rounding errors during
analysis, all raw percentage values were multiplied by 100, converting them into dimensionless numerical units (e.g.,
48.70% became 4870). This is a common practice in data preparation for clustering algorithms.

2.3. Data preprocessing

Data preprocessing includes cleaning inconsistent values, removing incomplete entries, and preparing the dataset for
analysis. Numerical normalization was performed using min—max normalization, which scales variables into a uniform
range (0-1) to prevent dominance of variables with larger magnitudes(Hamouda et al., 2025). Preprocessing was
conducted to ensure data quality and suitability for clustering.

2.3.1. Data collection and preparation

The dataset was rigorously inspected for missing, erroneous, or inconsistent values. No missing entries were found. All
values were verified for logical consistency (e.g., non-negative values for nutrients).

2.3.2. Data collection and preparation

The features (Protein, Fat, Fiber, Calcium, Phosphorus) had vastly different numerical ranges (e.g., Protein: 110 - 8031,
Calcium: 0 - 3551). To prevent variables with larger magnitudes from dominating the Euclidean distance calculation
and disproportionately influencing the cluster formation, all features were normalized to a common scale using Min-
Max scaling(Ma et al., 2022b). This technique scales the data to a fixed range of [0, 1]. The formula is given by:

X—Xmin

Xnorm = (1)
Xmax—Xmin

where:

x is the original value,

Xmin and X4, are the minimum and maximum values of that feature across the entire dataset,

Xnorm 18 the normalized value.

2.3.3. Data collection and preparation

Nutrient values were screened for extreme deviations using descriptive statistics (e.g., Interquartile Range - IQR) and
visual inspection (e.g., box plots). No significant outliers that could be considered erroneous were removed, as all values
represented plausible, real-world nutrient compositions. This step ensured that the clustering would be based on the
natural structure of the data without being skewed by data entry errors.

Table 2. Nutrient Composition of Feed Ingredients (Improved Formatting)

No Feed Type Protein Fat Fiber  Calcium  Phosphorus
1 Fresh Snails 48.70 20.30 0.00 6.92 5.23
2 Brown Rice 9.36 1.62 1.31 0.00 1.82
3 Soybean Meal 46.27 1498 8.62 0.30 8.20
4 Coconut Meal 21.60 12.10 1549 1.65 0.21
5 Fine Bran 8.54 9.11 7.60 9.75 5.67
6 Corn 5.50 1.00 10.00 0.20 0.90
7 Soybean 40.40 16.70  3.20 0.22 0.68
8 HDIP3 Feed 17.00 3.00 10.00  2.90 0.45
9 Blood Meal 80.31 0.76 5.07 0.93 7.90
10  Lamtoro Leaf Meal  14.20 10.90 9.40 0.86 0.25
11 Fishmeal 49.03 4.71 5.66 35.51 11.28
12 Cassava Flour 1.10 0.50 0.90 0.84 0.12
13 Fish Bone Meal 9.20 0.44 0.00 7.35 3.45

2.4. Data collection and preparation

The Elbow Method was employed to determine the optimal number of clusters (k) for the K-Means algorithm(Ayu et
al., 2019). The algorithm was run for a range of k values (from k=1 to k=10). For each k, the Within-Cluster Sum of
Squares (WCSS) or Sum of Squared Errors (SSE) was calculated. The SSE measures the total squared Euclidean
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distance between each data point and its assigned cluster centroid, representing intra-cluster variance. The optimal k is
identified at the "elbow" of the plotted SSE-vs-k curve. This point represents where the marginal gain in explained
variance (reduction in SSE) drops significantly, indicating that adding more clusters provides diminishing returns. The
analysis concluded that k=3 was the optimal choice for this dataset(Naeem et al., 2025b).

2.5. Data collection and preparation

Initial centroids for the K-Means algorithm were selected using the random initialization method. As the algorithm's
convergence can be sensitive to initial starting points, it was run multiple times (n_init = 10) with different random
seeds(Javed Mehedi Shamrat et al., 2020). The final result was chosen from the run that yielded the lowest SSE, ensuring
a stable and robust clustering solution(Maori, 2023)

2.6. Data collection and preparation

The K-Means clustering algorithm was used to partition the data into k distinct, non-overlapping clusters (Annas &
Wahab, 2023)- The algorithm aims to minimize the within-cluster variance (SSE). It operates through an iterative
refinement process with two main steps(Maori, 2023):
1. Cluster Assignment
Each data point is assigned to the cluster whose centroid is closest, as measured by the Euclidean distance. The
Euclidean distance between a point and a centroid in a p-dimensional space is calculated as:

d(x;, G) = \/Zzﬂ(xik — Cjx)? )

2. Centroid Update
The centroid of each cluster is recalculated as the mean (arithmetic average) of all data points currently assigned
to that cluster:

nj

—Xioq Xi )

C; =

I T

The algorithm repeated assignment—update cycles until convergence, defined as no change in cluster membership or
minimal centroid shift.

2.7. Data collection and preparation

The resulting clusters were analyzed by examining the centroid values (denormalized to their original scale for
interpretation) to define the nutritional profile of each group. Validation was conducted on two fronts:

e Internal Validation: The quality of the clustering structure was assessed using the SSE trend across iterations
and the Silhouette Score (Alva Mustika & Dhika, 2022)The Silhouette Score measures how similar an object
is to its own cluster compared to other clusters, providing insights into cohesion and separation. A score close
to 1 indicates well-defined clusters.

e External Validation: The practical and biological relevance of the clusters was evaluated by comparing their
nutritional characteristics against established zootechnical standards and literature for laying duck nutrition
(Maylawati et al., 2020). This ensures the clusters are not just statistically sound but also meaningful for the
intended application.

Hypotheses:
e Hi: The application of K-Means clustering improves nutritional efficiency and egg productivity through
optimized feed grouping.
e Ho: K-Means clustering does not significantly improve feed-use efficiency or egg productivity.

2.8. Recommendation implementation

Based on the interpreted nutritional profiles of the clusters, specific feed composition recommendations were formulated
for farmers. The cluster with the most favorable nutrient profile for egg production (e.g., high protein, balanced calcium
and phosphorus) was identified as optimal. Practical advice on feed selection and potential mixing ratios was provided,
tailored to the availability of local ingredients identified in the study.

125



COmputing and INformation Systems Journal Vol. 1, No. 3, December, 2025

2.9. Evaluation and validation

The model's performance and stability were evaluated by analyzing the internal validation metrics (SSE, Silhouette
Score) and the external validity of its recommendations (H. Rahmat Rukmana, 2024). The robustness of the clustering was
tested by re-running the algorithm multiple times with different initializations and checking for consistent results. The
hypotheses were evaluated by determining if the algorithm produced clusters that were both statistically distinct and
nutritionally meaningful for improving laying duck productivity.

2.10. Hypothesis

Main Hypothesis (H1) Theapplication of the K-Means Clustering algorithm in optimizing the feed composition of
laying ducks can improve the nutritional efficiency and productivity of eggs compared to conventional feed
compositions that are not optimized. The K-Means Clustering algorithm can group the feed composition of laying ducks
based on optimal nutritional content according to the physiological needs of laying ducks, so as to increase egg
productivity and feed use efficiency. Hypothesis Zero (HO) The application of the K-Means Clustering algorithm in
optimizing the feed composition of laying ducks does not have a significant influence on the nutritional efficiency and
productivity of laying duck eggs. The K- Means Clustering algorithm does not have a significant influence on improving
feed use efficiency and egg productivity, which means that the resulting feed composition is not more optimal than
conventional feed composition. Experimental Design Stage

The experimental design stage used in this study is presented in the following figure:

identifying Feed Problems in Determining Research Collet Data on Feed for Processing Data Using the K- Testing Data Processing
Laying Ducks Obijectives Laying Ducks Means Clustering Method Result

Figure 2. Stage of Experimental Design

Table 3. Feed Data and Its Sources

Yes Feed Source

1 Fresh Snails Practitioner Interview of Bp. Faisal, Laying Duck Breeder in Purwosari Secang Village

2 Brown Rice Recommended Feed for Laying Ducks Page 107 to 108 (H. Rahmat Rukmana, 2024)

3 Soybean Meal Recommended Feed for Laying Ducks Page 107 to 108 (H. Rahmat Rukmana, 2024)

4 Coconut Meal Recommended Feed for Laying Ducks Page 107to 108 (H. Rahmat Rukmana, 2024)

5 Fine Bran Practitioner Interview of Bp. Atok Laying Duck Farmer in Donomuyo Secang Village

6 Corn Practitioner Interview of Bp. Faisal, Laying Duck Breeder in Purwosari Secang Village

7 Soybean Recommended Feed for Laying Ducks Page 107 to 108 (H. Rahmat Rukmana, 2024)

8 Laying Duck Feed Interview of Practitioner Bp. Atok Laying Duck Breeder in Donomuyo Secang Village, Bp. Faisal Laying Duck

HDIP3 1218 Farmer in Purwosari Secang Village, and Bp. Fahrur Laying Duck Farmer in Karang Kajen Secang Village

9 Blood Flour Recommended Feed for Laying Ducks Page 107 to 108 (H. Rahmat Rukmana, 2024)
10 Lamtoro Leaf Flour Recommended Feed for Laying Ducks Page 107 to 108 (H. Rahmat Rukmana, 2024)
11 Fishmeal Recommended Feed for Laying Ducks Page 107 to 108 (H. Rahmat Rukmana, 2024)

12 Cassava Flour Recommended Feed for Laying Ducks Page 107 to 108 (H. Rahmat Rukmana, 2024)
13 Fish Bone Meal Recommended Feed for Laying Ducks Page 107 to 108 (H. Rahmat Rukmana, 2024)

The main problem in this study is identifying the optimal feed composition to increase the productivity of laying ducks. The
purpose of this study is to use the K-Means Clustering method to group data related to feed composition based on its characteristics
and identify the most optimal cluster. The primary data source obtained by the researcher was by conducting observations and direct
interviews with farmers in Secang District, Magelang Regency. Meanwhile, secondary data was obtained from literature
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studies and scientific journals. The type of data required in this study is the main nutrient content in the form of Protein, Fat, Fiber,
Calcium, and Phosphorus in every 100 grams of each type of feed, with a total of 13 types of feed where 4 types of feed were obtained
from direct interviews with farmers in 3 villages in Secang District, and 9 types of e-book feed recommendations that are
adjusted to the availability of feed ingredients that are easy to get. Feed data for laying ducks based on observations, interviews
and literature studies by adjusting to the availability of feed ingredients that are easy to obtain along with their nutritional content in percent
of 100 grams of product multiplied by 100 to facilitate the calculation of K-Means can be seen in Table 3 and Table 4.

Table 4. Nutrient Content Data and Sources

Protein % Fat% Fiber Calciu m % Phos phorus %
Yes Feed Type (x100) (x100) % (x100) (x100)
(x100)
Fresh Snails
1 4870 2030 0 69,2 52,3
BrownRice
2 936 162 131 0 182
Cake Soybean
3 4627 1498 862 3 820
Coconut
4 Meal 2160 1210 1549 165 21
5 Fine Bran 854 911 7,6 975 567
6 Corn 550 10 1000 2 9
7 Soybean 4040 1670 320 222 68,2
DuckFee HDIP3 121
Egger d 81700
8 300 1000 290 45
Blood Flour
9 8031 76 507 93 790
Lamtoro Leaf
10 Flour 1420 1090 940 8,6 25
11 Fishmeal 4903 471 566 3551 1128
Cassava
12 Flour 110 50 90 8,4 12,5
FishBone
13 Meal 920 44 0 73,5 345

In processing feed data using the K-Means Clustering algorithm, there are several steps used, namely: Determine the
number of clusters to be formed, namely 3 (Three) clusters, namely Cluster1, Cluster2, Cluster3.
To determine the initial cluster center point (centroid) randomly, it can be seen in table 4 as follows:

Table 5. Initial Cluster Center Points

Data To Centroid Protein % (x100) Fat Fiber % Calcium Phosphoru s %
% (x100) (x100) % (x100) (x100)
1 1 4870 2030 0 69,2 52,3
5 2 854 911 7,6 975 567
8 3 1700 300 1000 290 45

Calculate the distance of the data from the initial centroid using the formula (1) Eucledian Distance and determine
the data in the nearest cluster, which is calculated from the center of the cluster. The calculation results of the centroid
that have been determined are as follows:
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Table 6. Cluster Determination Calculation Results in Iteration 1

Data To Centroidl Centroid2 Centroid3 Minimum Cluster
1 0,00 4297,19 3753,75 0,00 1
2 4359,42 1296,84 1208,62 1208,62 3
3 1295,71 4039,66 3271,78 1295,71 1
4 3228,94 2263,88 1165,03 1165,03 3
5 4297,19 0,00 1677,98 0,00 2
6 4873,31 1774,03 1221,00 1221,00 3
7 960,92 3461,34 2808,41 960,92 1
8 3753,75 1677,98 0,00 0,00 3
9 3822,55 7299,56 6400,67 3822,55 1
10 3697,85 1565,07 886,39 886,39 3
11 4004,00 4883,68 4720,57 4004,00 1
12 5156,68 1594,81 1870,58 1594,81 2
13 4439,13 1386,58 1320,14 1320,14 3

From the calculation with Formula (1) above, the results of the dataset calculation in iteration 1 are obtained. Table
3 can be grouped as follows: Clusterl consists of 5 items, Cluster2 consists of 2 items and Cluster3 consists of 6 items.
After obtaining the cluster results in iteration 1, the process will continue in iteration 2 by determining a new cluster
center. New cluster determination uses the formula (2). The following is a table of the calculation results:

Table 7. New Centroid Calculation Results

New Protein% Fat% Fiber % Calcium % Phosphoru s %
Centroid (x100) (x100) (x100) (x100) (x100)

1 52942 1149 451 747,68 571,7

2 482,00 480,50 48,80 491,70 289,75

3 1281 462,73 770 89,85 52,75

Followed by the determination of iteration 2 cluster with the following results:

Table 8. Cluster Determination Results in Iteration 2

Data to Centroid 1 Centroid 2 Centroid 3 Minimum Cluster
1 1374,63 4678,97 3991,63 1374,63 1
2 4558,66 753,45 801,60 753,45 2
3 1162,79 4404,27 3587,78 1162,79 1
4 3416,92 2403,63 1394,47 1394,47 3
5 447441 797,41 1418,62 797,41 2
6 4997,88 1203,91 895,47 895,47 3
7 1625,25 379791 3045,80 1625,25 1
8 3798,34 158791 543,20 543,20 3
9 3020,07 7600,67 6806,23 3020,07 1
10 4012.13 1532,66 670,12 670,12 3
11 2965,47 5465,75 5127,99 2965,47 1
12 5391,97 797,41 1418,54 797,41 2
13 4624,96 812,98 966,38 812,98 2

From the calculation above, the results of the dataset calculation in iteration 2 are obtained. Table 5 can be grouped
as follows: Cluster]l consists of 5 items, Cluster2 consists of 4 items and Cluster3 consists of 4 items. If the results of
the cluster are changed, the process will be continued to iteration 3. From the calculation with the new cluster center ,
the results of the dataset calculation in iteration 3 were obtained. The process will continue to repeat from step ¢ until
there are no changes to the cluster members for each group.

2. Results and discussion

3.1. Problem identification

Duck egg farmers in Secang District still use traditional methods to determine feed formulations, which often do
not meet the specific nutritional needs of the livestock. Feed composition is determined based solely on ingredient
availability, leading to inconsistencies. Variations in feed types can significantly affect egg production. The data used
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were obtained from interviews with three farmers and literature studies adjusted to the availability of feed ingredients
in the region. The data consist of 6 attributes: feed name, protein content, fat content, fiber content, calcium content,
and phosphorus content.

The following is a table of feed composition data sources:

Table 9. Feed Composition Data Sources
Subject Year Background

Protein For Growth, Replacement of Dead Tissue, And Antibody

Formation 16-18%. P (Phosphorus) Is Needed in Growth,

Composition Of Feed Needed by Increasing Appetite, Production and Egg Weight. Ca (Calcium) For
Laying Ducks 2024 Production and Shell Thickness 3.0% (H. Rahmat Rukmana, 2024)

2020 The Content in The Ration Including Protein, Fat,
Carbohydrates, Vitamins, Minerals and Water Should Be Available
in Sufficient Quantities. Protein Functions as The Basic Building
Block of All Body Tissues as Well as The Material for Making Eggs
and Sperm. Fats Function as The Absorption of Vitamins (A, D, E,
K), Provide Essential Fatty Acids, Have an Important Effect on
Calcium Absorption and Increase Energy Use Efficiency. Vitamins
Function as Helpers (Catalysts) in the Process of Forming or
Breaking Down Other Nutrients in the Body, So They Are Only
Needed in Small Amounts. Minerals Are Needed to Form the
Body's Skeleton (Bones), Aid Digestion and Metabolism in Cells
as Well as For the Formation of Eggshells(Slamet Prihatin, 2020)

The Nutritional Needs of Laying Duck Feed Are as Follows,
Crude Protein By 16-18%, Crude Fiber 8%, Calcium (Ca) 3.5-4%,

2022 Phosphorus (P) 0.3-09% (dh. Karinadintha Marsya
Rachman, 2022)

3.2. Data Pre-processing

Feed data were converted into a DataFrame using the Pandas library. Normalization was performed using StandardScaler
from Scikit-learn to standardize the scale of all features (mean=0, standard deviation=1), preventing features with larger
scales from dominating distance calculations in the K-Means algorithm.

# Normalisasi data
scaler = StandardScaler()
scaled_data = scaler.fit_transform(df[['x', 'y', 'z', 'a', 'b']])

# Membuat DataFrame dari hasil normalisasi

df_scaled = pd.DataFrame(scaled data, columns=['x_scaled', 'y _scaled', 'z_scaled', 'a_scaled', 'b_scaled'])

# Menggabungkan dengan kolom 'Data Ke'
df final = pd.concat([df['Data Ke'], df _scaled], axis=1)

print("\nHasil Normalisasi (StandardScaler):")
print(df_final)

Figure 3. Implementation of Data Normalization

3.3. Centroid Initialization and Clustering Process

Initial centroids were manually determined based on preliminary data analysis (data points 1, 5, and 8). The K-
Means algorithm was run with a maximum of 100 iterations. An iterative process was performed until convergence was
achieved (centroids did not change between iterations).
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# Centroid awal

initial centroids = np.array([
[487@, 2038, @, 69.2,52.3],
[854, 911, 7.6, 975, 567],
[17e@, 3ee, 1868, 290, 45]

1

max_iter = 180

converged = False

iteration = @

previous_clusters = None

all clusters = {} # Untuk menyimpan cluster tiap iterasi

Figure 4. Early Centroid Implementation

3.4. Clustering Result Analysis

Based on the Sum of Squared Errors (SSE) calculation and the Elbow Method, the optimal number of clusters was
determined to be 3. The most significant decrease in SSE occurred from k=2 to k=3, after which the decrease became
insignificant.

Wk kal, S5ED E5.0009

Rl ka3, F3E 51-3131

Rl ka3, S5E; 39.447F

Rvbel ke, 5B 33.14T0

Elbgw Method for Optimal & [S5E Analysis)

LEE

L

Lo ol Sapansed Erverd (SSE)
&

Karber of Chrteds b

Figure 5. SSE Visualization

From the graph in figure 5 above, it can be seen that for k = 1, the SSE value is 65.0000, for k = 2, the SSE value
drops to 51.3131, for k = 3, the SSE value is quite significant to 39.4478, for k = 4, the SSE value becomes 32.1470.
The largest decrease in SSE occurred between k = 2 and k = 3. After k = 3, the decrease in SSE still occurs but is no
longer significant. The graph begins to form a flatter angle (elbow), which shows that the addition of the number of
clusters after k = 3 does not provide a significant advantage in reducing SSE. In this graph, the point occurs at k = 3.
Therefore, it can be concluded that the optimal number of clusters for this data is 3.

3.5. Discussion

The resulting clusters have distinct characteristics that align with the nutritional standards for laying ducks.

Table 10. Cluster 1 Optimization of Feed Composition of Laying Ducks

Feed Type Protein% Fat% Fiber % Calcium Phosphor us
(x100) (x100) (x100) % (x100) % (x100)
Fresh Snails 4870 2030 0 69,2 52,3
Soybean Meal 4627 1498 862 3 820
Soybean 4040 1670 320 222 68,2
Blood Flour 8031 76 507 93 790
Fishmeal 4903 471 566 3551 1128
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Cluster 1 has high protein (>18%), moderate to high fat, low fiber, and varying mineral content. It is highly suitable as
a primary feed to support egg productivity, growth, and duck health (Rachman, 2022). However, it should be mixed

with fibrous materials to maintain digestive balance.

Table 11. Cluster 2 Optimization of Feed Composition of Laying Ducks

Feed Type Protein % (X100) Fat% Fiber % Calcium Phosphor
(X100) (X100) % (X100) Us %
(X100)
Brown Rice 936 162 131 0 182
Fine Bran 854 911 7,6 975 567
Corn 550 10 1000 2 9

Cassava Flour 110 50 90 8.4 12,5
Fish Bone Meal 920 44 0 73,5 34,5

Cluster 2 has low to moderate nutrient levels. It serves as a source of energy and fiber but must be combined with high-
protein feed (Cluster 1) to meet balanced nutritional requirements.

Table 12. Cluster 3 Optimization of Feed Composition of Laying Ducks

Feed Type Protein% (x100) Fat% (x100) Fiber % (x100) Calcium Phosphor us % (x100)
% (x100)

Coconut Meal

2160 1210 1549 165 21
Laying Duck Feed HDIP3 1218

1700 300 1000 290

45

Lamtoro Leaf Flour

1420 1090 940 8,6 25

Cluster 3 has very high fiber (>9%), moderate protein, and low mineral content. It functions as a digestive regulator and
should be mixed with other feeds to balance nutrition.
Recommendations for Farmers:

e Use a combination of feeds from Cluster 1 as the primary protein source.

e Add feeds from Cluster 2 for energy and fiber.

e Use feeds from Cluster 3 as digestive regulators if needed.

e Avoid using feeds solely from Cluster 2 or 3, as they do not meet the nutritional standards for laying ducks.

3.6. GUI Implementation

A Gradio-based interface was developed to help farmers easily upload data, run clustering, and obtain optimal feed
recommendations. Export features to Excel and PDF are provided for documentation. Clustering with K-Means
successfully grouped feeds based on nutritional similarities. Cluster 1 represents optimal feed, Cluster 2 serves as a
supplement, and Cluster 3 acts as a digestive regulator. These recommendations help farmers formulate efficient and
nutritionally appropriate feed formulations for their livestock.

3. Conclusion

Based on the analysis of thirteen distinct feed types utilizing the K-Means Clustering algorithm, this study
successfully identifies an optimal feed composition for laying ducks, designated as Cluster 1. This cluster is distinguished
by its nutritional profile, which most closely aligns with the established dietary requirements for maximizing laying
productivity, particularly in its balanced levels of critical components: protein, fiber, fat, calcium, and phosphorus. The
determination of three as the optimal number of clusters, validated by the Elbow Method, effectively segments the feed
data into distinct qualitative tiers, providing a clear, data-driven rationale for selecting the most advantageous
formulation. Thus, this research delivers a concrete answer to its central question, demonstrating that data mining
techniques can objectively identify superior feed compositions from a complex nutritional dataset.

When contextualized within the broader field of agricultural informatics, this study aligns with and extends previous
research that applies computational methods to precision livestock farming. While earlier studies have often focused on
larger livestock or different poultry, this work specifically bridges the gap for duck farming, a vital sector in many
agricultural economies. The practical implication for farmers is the potential for a decision-support system that reduces
reliance on generic, off-the-shelf feed products. By adopting a cluster-based recommendation, farmers can optimize feed
efficiency, potentially lowering costs and enhancing egg production rates. For the field of agricultural information
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technology, this research underscores the significant role of simple yet powerful algorithms like K-Means in
transforming raw data into actionable agricultural intelligence, making advanced analytics accessible even for smaller-
scale farming operations.

Despite its promising findings, this study is not without limitations. The primary constraint is the relatively small
dataset of only thirteen feed types, which may limit the generalizability and robustness of the clusters. Furthermore, the
nutritional variables were restricted to macronutrients and minerals, omitting other crucial micronutrients such as
essential amino acids (e.g., lysine, methionine) and vitamins, which are vital for comprehensive duck health and
productivity. Future research should therefore prioritize expanding the dataset significantly and incorporating these
additional variables to build a more holistic and accurate model. The subsequent direction would involve developing a
predictive model that can dynamically recommend feed formulations based on desired output metrics, ultimately leading
to controlled field trials to empirically validate the algorithm's recommendations against real-world laying performance.
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