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Cattle farming plays an important role in Indonesia's economy, but its productivity can
decline due to livestock health issues. To address this, this study develops a cattle
disease diagnosis system based on machine learning using the Random Forest
classification method. The system helps farmers identify diseases independently based
on input symptoms. The model is built using the Random Forest algorithm, trained on
1745 primary data obtained from the Barru Regency Department of Agriculture. The
data undergoes a comprehensive pre-processing stage, including cleaning to remove
inconsistencies, One-Hot Encoding for categorical feature transformation, and class
balancing using the Synthetic Minority Over-sampling Technique (SMOTE) to ensure
fair representation of all disease categories. Model evaluation using a Confusion
Matrix demonstrates a high accuracy of 91%, indicating strong predictive
performance. Based on the model, a mobile application based on Android is developed
to assist farmers in the early detection of cattle diseases.

ABSTRAK

Peternakan sapi memiliki peran penting dalam perekonomian Indonesia, tetapi
produktivitasnya dapat menurun akibat masalah kesehatan ternak. Untuk mengatasi
hal ini, penelitian ini mengembangkan sistem diagnosa penyakit sapi berbasis machine
learning menggunakan metode klasifikasi Random Forest. Sistem ini membantu
peternak mengidentifikasi penyakit secara mandiri berdasarkan gejala yang
diinputkan. Model dikembangkan menggunakan algoritma Random Forest dengan
1745 data primer dari Dinas Pertanian Kabupaten Barru. Proses pre-processing
mencakup pembersihan data, One-Hot Encoding, dan penyeimbangan kelas
menggunakan Synthetic Minority Over-sampling Technique (SMOTE). Evaluasi
model menggunakan Confusion Matrix menunjukkan tingkat akurasi yang tinggi, yaitu
91%, yang mengindikasikan kinerja prediksi yang kuat. Berdasarkan model ini,
dikembangkan aplikasi mobile berbasis Android untuk membantu peternak dalam
deteksi dini penyakit sapi.
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1. INTRODUCTION

The livestock sector plays a crucial role in the national economy and in meeting the nutritional needs of
the Indonesian population. One of the dominant subsectors is cattle farming, which significantly contributes to
national meat production. However, the imbalance between demand and supply remains a major challenge.
According to the Central Bureau of Statistics (BPS) in 2023, Indonesia’s beef consumption reached 816.79
thousand tons (equivalent to 4.07 million cattle), while domestic production could only supply 442.69 thousand
tons (2.20 million cattle). This resulted in a deficit of 374.1 thousand tons (1.86 million cattle or approximately
41.41%) [1], highlighting the country’s dependence on imports to meet domestic demand.

One of the key factors contributing to the low production is cattle health issues. Diseases such as anthrax,
which has a mortality rate of up to 80%, and brucellosis and hemorrhagic septicemia, which can reduce
productivity by 60%, pose serious threats to the livestock industry. Additionally, digestive parasite infections can
decrease production by up to 90% [2], further exacerbating challenges in the national livestock sector. Therefore,
improving livestock health management is crucial in enhancing productivity and sustainability in Indonesian cattle
farming.
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Barru Regency, particularly Barru District, holds significant potential for cattle farming, with a recorded
beef cattle population of 34,095 heads in 2023 [3]. However, most farmers still practice extensive farming
systems, where cattle are left to graze in open fields with limited protection facilities. This traditional approach
increases the risk of disease transmission due to the lack of structured health management and minimal preventive
measures taken by farmers [4].

Since 2015, the Department of Livestock has implemented the ISIKHNAS (National Animal Health
Information System) to record livestock disease occurrences. This system enables disease reporting via text
messages managed by livestock cadres across various regions. Collected data indicates that common cattle
diseases in Barru Regency include scabies, worm infestations, and brucellosis [5]. However, limited veterinary
professionals, farmers’ lack of awareness of disease symptoms, and high consultation costs hinder early detection
and effective disease management [6].

To address these challenges, this study aims to develop a cattle disease diagnosis system using the
Random Forest algorithm. This algorithm is selected due to its ability to handle complex data and provide accurate
predictions [7], [8]. By implementing this system, farmers are expected to detect cattle diseases more efficiently
and promptly, improving overall livestock health management and productivity.

2. METHODOLOGY

This research employs a Machine Learning (ML)-based system development approach to develop
diagnose cattle diseases system based on android. The system process consists of several key stages, as illustrated
in the system flowchart below.
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Figure 1. System Architecture

2.1. User Access and Authentication

The cattle disease diagnosis system is designed to be accessed by users through a login and registration
mechanism. Registered users undergo system identification, while new users must first complete the registration
process before accessing the diagnosis features.
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2.2. Inputting Disease Symptoms

Once authenticated, the user proceeds to input the observed disease symptoms by selecting the relevant
options provided by the system. These symptoms serve as the primary data input for the diagnosis process.

2.3. Disease Classification Using Machine Learning

The system incorporates a training dataset that has been processed to develop the Random Forest model.
Training model in machine learning consist of data pre-processing [9], dataset splitting [10], and the traning-
evaluation [11], [12]. The system then utilizes the trained Random Forest model to classify the disease based on
the symptoms provided. This classification process helps predict the most probable disease affecting the livestock.

2.4. Displaying Diagnosis Results

After classification, the system displays the diagnosis results to the user through API as shown in Figure
2. The results provide insights into the possible disease, enabling farmers to take appropriate action.
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Figure 2. Infrastructure Demgn

Through this system, farmers can detect cattle diseases more efficiently, allowing for timely and
appropriate interventions. By leveraging Machine Learning technology, this system contributes to improving
livestock health management in Barru Regency.

3. RESULTS AND DISCUSSION

This research resulted in a model and a mobile-based information system for diagnosing and managing
cattle, assisting farmers in organizing and diagnosing cattle diseases. The system helps accelerate cattle health
management and improve livestock organization.

3.1. Cattle Disease Diagnosis Model

The Random Forest algorithm is a classification method that utilizes a combination of multiple decision
trees to enhance prediction accuracy. This algorithm is used in the classification process of disease symptom data
in animals by analyzing patterns from previously trained data. The implementation phase involves transforming
the designed system into an application, where the Random Forest model processes user input data and
automatically provides diagnostic results. Here are steps of model training conducted:

3.1.1. Dataset Collection

The dataset was obtained from the Agriculture and Livestock Office of Barru Regency. The collected
data is in CSV format, consisting of 11 columns and 3,392 records. This dataset represents a collection of animal
disease cases over the past five years. The dataset consist of The example of the dataset is shown in Figure 3.
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index, 1D Kasus,Tanggal laporan,lumlah hewan terkena (ekor),Spesles,Tanda,Nama

pengirim,Lokasi, Tanggal diinvestigasi,Staf teknis dinas,Tipe investigasi,Diagnosa
sementara,Diagnosa definitif

0,38893053,2023-07-30 00:00:900,1,sapl bali,"Anorexia, demam, kurang respon, sempoyongan”,Drh. Ahmad
Nuzuludin Kadri,"Sulawesi Selatan, Barru, Barru, Tuwung™,2023.07-30 00:00:00,Drh. Ahmad Nuzuludin
Kadri,Kunjungan, "avitaminosis, Bovine Ephemeral Fever" NaN

1,38892691,2023-07-30 00:00:00,1,s5ap1 bali,"Anorexia, Bulu kusam, kekurusan, kurang respon,

Lemah”™ ,Drh. Ahmad Nuzuludin Kadrl,“Sulawesi Selatan, Barru, Barru, Coppo™,2023-07-30 00:00:90,Drh.
Ahmad Nuzuludin Kadri,Xunjungan,"avitaminosis, Bovine Ephemeral Fever, Malnutrisi®™, NaN
2,38875787,2023-07-29 00:00:00,1,sapi, luka berdarah,Muzayyana,“Sulawesi Selatan, Barru, Barru,
Sepee” ,2023-07-29 00:00:00,Muzayyana,Kunjungan ,Kecelakasn,NaN

3,38843652,2023-07-28 00:00:00,1,sapi bali,Anorexia,Kasman,"Sulawesi Selatan, Barru, Barru,
Coppo™,2023-07-28 00:00:00,Kasman,Kunjungan,Bovine Ephemeral Fever, NaN

Figure 3. Raw Dataset Example

3.1.2. Data Pre-processing

The collected data will undergo a cleaning process by removing irrelevant or unnecessary data, handling
missing values, and eliminating duplicate entries. Microsoft Excel was used for this process. Initially, the dataset
contained 3,392 rows, which were reduced to 1,745 rows. This reduction was due to selecting diagnoses for the
10 most common diseases over the past five years. The result shown in Figure 4.

Gejala 1 Gejala 2 Gejala 3 Gejala 4 gejala 5 lDiagnosa

anaorexia bulu kusam kekurusan lemah mencret berdarah coccidiosis
anorexia bulu kusam kekurusan lemah mencret berdarah coccidiosis
anorexia bulu kusam kekurusan lemah mencret berdarah coccidiosis
anorexia bulu kusam kekurusan lemah mencret berdarah coccidiosis
anorexia bulu kusam kekurusan lemah mencret berdarah coccidiosis
anorexia bulu kusam kekurusan lemah mencret berdarah coccidiosis
anaorexia bulu kusam kekurusan lemah mencret berdarah coccidiosis
anorexia bulu kusam kekurusan lemah mencret berdarah coccidiosis
anorexia bulu kusam kekurusan lemah mencret berdarah coccidiosis
anorexia bulu kusam kekurusan lemah mencret berdarah coccidiosis
anorexia bulu kusam kekurusan lemah mencret berdarah coccidiosis
anorexia bulu rontok kekurusan lemah mencret berdarah coccidiosis
anorexia demam kekurusan lemah mencret coccidiosis
anorexia lemah kekurusan lumpuh mencret coccidiosis
anorexia bulu kusam lemah mencret mencret berdarah coccidiosis
anorexia demam hidung beringus lemah mencret coccidiosis
anorexia mencret kekurusan lemah mencret berdarah coccidiosis
anarexia mencret kekurusan lemah mencret berdarah coccidiosis
anorexia mencret kekurusan lemah mencret berdarah coccidiosis
anorexia mencret kekurusan lemah mencret berdarah coccidiosis
anorexia mencret kekurusan lemah mencret berdarah coccidiosis
anorexia mencret kekurusan lemah mencret berdarah coccidiosis
anorexia mencret kekurusan lemah mencret berdarah coccidiosis
anorexia mencret kekurusan lemah mencret berdarah coccidiosis
anorexia mencret kekurusan lemah mencret berdarah coccidiosis
anorexia mencret kekurusan lemah mencret berdarah coccidiosis
anorexia mencret kekurusan lemah mencret berdarah coccidiosis

Figure 4. Example of Dataset after Pre-processing

After data cleaning, the symptom data is then converted into numerical values (encoding) to be processed
by Random Forest. At this stage, the symptom data is transformed into numbers following the rules shown in
Figure 5.
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<class 'pandas.core.frame.DataFrame’>
Rangelndex: 1745 entries, © to 1744
Data columns (total 27 columns):

4]

# Column Non-Null Count Dtype
@ no 1745 non-null int64
1  anorexia 1745 non-null object
2 bulu kusam 1745 non-null int64
3 kekurusan 1745 non-null int64
4  lemah 1745 non-null int64
5 mencret 1745 non-null int64
6 gatal 1745 non-null  int64
7 leleran nanah vulva 1745 non-null  int64
8 hidung beringus 1745 non-null int64
9  demam 1745 non-null int64
10 pincang 1745 non-null  int64
11  lumpuh 1745 non-null int64
12 bulu rontok 1745 non-null int64
13 radang mata 1745 non-null  int64
14 luka berdarah 1745 non-null int64
15 mencret berdarah 1745 non-null int64
16 ovarium kecil keras 1745 non-null  int64
17 berahi tenang 1745 non-null int64
18 tidak ada ovulasi 1745 non-null int64
19 ovarium kenyal dan licin 1745 non-null int64
20 anestrus 1745 non-null int64
21 corpus luteum tidak sempurna 1745 non-null int64
22 daun telinga berkopeng 1745 non-null  int64
23 partus 1745 non-null int64
24 fases kering keras 1745 non-null int64
25 rahim bernanah 1745 non-null int64
26 Diagnosa 1745 non-null object

dtypes: int64(25), object(2)
memory usage: 368.2+ KB
Figure 5. Feture Encoding Rule

An example of the encoding process results is shown in Table 1.

Tabel 1. Example of Encoding Result

Gejala 1 Gejala 1 Gejala 1 Gejala 1 Gejala 1 Label
Original anorexia demam kekurusan lemah mencret Coccidiosis
data
Encoding 1 9 3 4 5 Coccidiosis

3.1.3. Data Balancing using SMOTE

Hasil pre-processing data menghasilkan jumlah data yang tidak seimbang pada tiap label yang ada
sehingga perlu dilakukan data balancing [13]. Pada penelitian ini, data balancing dilakukan dengan SMOTE. Hasil
balancing data diperlihatkan pada Table 2.

Tabel 2. Result of Data Balancing using SMOTE

Number of Data

Label Original SMOTE
Avitaminosis 399 900
Bovine Ephemeral Fever 97 900
Cacingan 900 900
Scabies 35 900
Coccidiosis 71 900
Hipofungsi Ovari 71 900
Corpus Luteum Persisten 54 900
Baliziekte 33 900
Endometritis 24 900
Thelaziasis 61 900
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3.1.4. Model Traning

The model is trained using randomized data, which is split into two parts: 75% for training and the
remaining 25% for testing [14]. The model development involves the Random Forest algorithm from the Scikit-
Learn library for classification and GridSearchCV for parameter tuning in the model creation process.

3.1.5. Model Evaluation

At this stage, the evaluation is conducted to assess the performance of the developed model. The
evaluation uses a Confusion Matrix, and the results are shown in Figure 6.

150

100

© 1 2 3 4 5 6 71 8 9
Figure 6. Feture Encoding Rule

Based on the Confusion Matrix results, the accuracy, precision, recall, F1-score, and support values can
be determined [15], as shown in Figure 7.

precision recall fl-score support

Baliziekte 1.600 9.62 8.77 231

Bovine Ephemeral Fever 8.93 8.98 8.95 221
Corpus Luteum Persisten B©.95 1.00 8.97 227
Endometritis 1.0 1.00 1.60 224
Hipofungsi ovari 1.68 9.94 .97 223
Thelaziasis .98 8.86 6.92 214
avitaminosis 0.98 8.92 8.95 224

caingan 8.81 9.98 6.88 218

coccidiosis 1.680 8.79 9.88 229

scabies 0.66 1.08 6.80 239

accuracy 8.91 2250

macro avg .93 9.91 8.91 2250

weighted avg .93 9.91 B.91 2250

Figure 7. Accuracy of the Model

As shown in Figure 7, the accuracy of the proposed model reaches 91%. This model will then be used as
the classification engine for the Android application.

3.2. Implementation on Android

To ensure that the disease classification model can be easily used by cattle farmers, an Android
application was developed. The results of the Android application are shown in Figure 8.
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Figure 8. Display of (a) the home page, (b) disease symptom input, and (¢) prediction results

The developed Android application is designed to be user-friendly for both cattle farmers and veterinarians,
making it a useful tool for early disease detection in livestock.

4. CONCLUSION

The developed cattle disease diagnosis system successfully leverages machine learning, specifically the
Random Forest classification method, to assist farmers in identifying livestock diseases based on input symptoms.
Using 1,745 primary data points collected directly from the Barru Regency Department of Animal Husbandry,
the model underwent comprehensive pre-processing, including data cleaning, One-Hot Encoding, and class
balancing with SMOTE. Evaluation using a Confusion Matrix demonstrated a high accuracy of 91%, confirming
the model's reliability in disease classification. To enhance accessibility, the model was integrated into a user-
friendly Android application, enabling farmers to perform early disease detection efficiently. This system has the
potential to improve cattle health management and support sustainable livestock farming in Indonesia.
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