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Abstrak

Data kelahiran dan umur produktif seorang ibu untuk hamil di Lampung masih tinggi.
untuk mengetahui perbandingan umur produktif ibu hamil dan apakah sudah memenuhi syarat
minimal dan maksimal seorang ibu untuk hamil, dan Kriteria bayi yang dilahirkan. Dimana
hasil pengolahan data tersebut akan dijadikan sebagai sumber data bagi ibu-ibu penyuluhan
khususnya bagi warga desa Banjar Kertahayu. Pengolahan data tersebut memerlukan metode
khusus agar hasilnya menjadi tolak ukur suatu keputusan nantinya, seperti Data Mining.
Metode yang digunakan untuk pengolahan data yang digunakan adalah Naive Bayes dan
Algoritma C4.5. Data yang digunakan adalah data kelahiran tahun 2017-2021, sumber data
dari Bidan Desa Banjar-Kabupaten Lampung Tengah. Hasil Penelitian Metode C 4.5 Umur
paruh baya memiliki nilai kategori Umur dominan sebesar 0,3324138. dimana nilai tertinggi
pada tahun 2017, dan akurasi 100 persen dari data tahun 2017- 2021. Kriteria berat badan
bayi menggunakan Metode Naive Bayes Kelas memiliki nilai kategori Paruh baya dominan
sebesar 0,09675, nilai tertinggi pada tahun 2017, Hasil akurasi selama 5 tahun memiliki
akurasi sebesar 92,84% berdasarkan data kelahiran 2017-2021.

Kata kunci—Algoritma C4.5, Naif Bayes, Kategori Age Dominan, Berat Badan Bayi.

Abstract

Data on the birth and productive age of a mother to get pregnant in Lampung is still
high. to find out the comparison of the productive age of pregnant women and whether they
have met the minimum and maximum requirements for a mother to become pregnant, and the
criteria for babies born. Where the results of data processing will be used as a source of data
for counseling mothers, especially for residents of Banjar Kertahayu village. The data
processing requires a special method so that the results become a benchmark for a decision
later, such as Data Mining. The method used for data processing used is Naive Bayes and C4.5
Algorithm. The data used is birth data in 2017-2021, the source of data from the Banjar Village
Midwife-Central Lampung Regency. Research Results Method C 4.5 Middle age has a dominant
age category value of 0.3324138. where the highest value is in 2017, and accuracy is 100
percent from the 2017-2021 data. The baby weight criterion using the Naive Bayes Class
Method has a dominant Middle-aged category value of 0.09675, the highest value in 2017, The
results of accuracy for 5 years have accuracy of 92.84% based on 2017-2021 birth data
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1. INTRODUCTION

Pregnancy is the development of the fetus starting from conception and ending until
delivery. At the productive age, the chance of getting pregnant is higher than in the elderly in
terms of health and physical condition. Young age is the ideal age for pregnancy there is no
specific benchmark for the best age to get pregnant. However, generally, a woman's fertility will
decrease with age. In addition, pregnancy at an advanced age is also at risk of causing
complications in pregnant wome [1].

Based on calculated estimates, the crude birth rate in Lampung Province decreased from
29.5 per 1000 population in 1990-1995 to 26.6 per 1000 population in 1995-2000. The
population pyramid in 2019 shows interesting characteristics, including: first; male and female
population ratio/sex ratio: 104,87 [2]. The number of deaths of Neonatal, infants, and toddlers in
Lampung Province in 2019 was 404, 79, and 27 cases. The neonatal mortality rate in Province
Lampung has decreased in the last 3years, from 3.35 to 2.7 contrast to the infant mortality rate
which continues to increase. Meanwhile, the under-five mortality rate fluctuated from 2017 to
2019 [3]. From these data, the birth and age of pregnant women in Lampung are still high. The
data will be processed using the Data Mining method.

Data mining is a data storage pattern to help the data analysis process [4]. Data Mining
Consists of analysis classification, grouping, and association rules. Classification is a type of
prediction that builds a pattern based on the training set and uses that pattern to classify the
testing set [5]. Therefore, the researcher wants to raise the Classification of Childbirth Data
Processing using the Naive Bayes method and the C4.5 Algorithm. The results of the study can
be used as material for consideration of the health data of Banjar Kertahayu Village for data on
counseling pregnant women. The data used is birth data in 2017-2021, the source of data from
the Banjar Village Midwife-Central Lampung Regency. Where is the Research Result Method
C4.5 To measure the age classification based on the results of the dominant age decision tree
algorithm and the accuracy of the 2017-2021 data. As in previous research shows that the
decision tree algorithm provides new knowledge[6] and the experimental results C4.5 also
confirms that the most influential instant data attribute[7].

While the criteria for infant weight use the Naive Bayes method based on dominant age
values and accuracy values for 5 years based on 2017-2021 birth dataas in previous studies
using the Naive Bayes method on health topics is very large because of the availability of health
problems to make decisions[8], and importance of the main causes of heart disease. to consider
almost all the important features that influence heart disease and perform step analysis
predicting heart disease[9].

2. METHODS

2.1 Data mining

Data mining is a logical process used to search and find patterns through large amounts
of data [10]. The goal is to find previously unknown patterns. In data mining, this pile of past
data is considered a mine that can be processed to produce valuable knowledge. Data mining is
an integral part of knowledge discovery in databases (KDD)[11]. knowledge discovery in
databases is a nontrivial process to identify valid, new, potentially useful, and ultimately
understandable patterns in data [12]. The whole KDD process for converting raw data into
useful information is Input data can be stored in various formats such as flat files, spreadsheets,
or relational tables, and can occupy a centralized or distributed data repository in many places.
The purpose of preprocessing is to convert the raw input data into a suitable format for further
analysis. The steps involved in data preprocessing include combining data from multiple
sources, cleaning the data to remove noise and duplicate observations, and selecting records and
features relevant to data mining work [13].
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Figure 1. KDD [11].
2.2 Naive Bayes

One of the methods in Data Mining is data classification, which is mapping
(classifying) data into one or several predetermined classes. One of the methods in data
classification is the Naive Bayes Classifier [14]. Naive Bayes Classifier is a machine learning
method that utilizes probability and statistical calculations, predicting future probabilities based
on previous experience [15], and predicting future opportunities based on experience known as
Bayes' theorem [16]. The basis of Naive Bayes used in programming is the Bayes formula [17]:

P (AB) = (P(BIA) * P(A))/P(B)

Nave Bayes Classifier/Multinomial Nave Bayes is a simplification model of the Bayes
method for classifying text or documents [18].

Epap = WT'MP(V}] [T i Plailvi)

23C45
The C4.5 method is a basic classifier model using a hierarchical structure. The main

idea of the Hierarchical structure is to transform data into a rooted tree graph as a decision rule
[17]. In general, the C4.5 method for building a decision tree is as follows [19]:

1. Select attribute as root

2. Create a branch for each value

3. Divide cases in branches

4. Repeat the process for each until all have the same class

The selection of attributes as root is on the highest gain value of the existing[20]. The
following formula:

1 -
Gain(S, 4) = Entropy(s) + E =« Entropy (5i)
i=1 1%

Before getting the Gain value find the Entropy value. Entropy used to determine how
informative an attribute input is to produce an attribute[21]. The basic formula for Entropy is as
follows:

Entropy(5) = &=y — Pi=log, Pi

2.4 Phyton

Python is a multi-platform interpretive programming language with a design philosophy
focused on code readability and is one of the popular languages related to Data Science,
Machine Learning, and the Internet of Things (loT). Python library for processing textual data.
Provides a consistent APl for analyzing natural language processing (NLP) tasks such as
tagging parts of speech, noun extraction, and sentiment analysis [22]. Researchers chose python
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because it is a programming language that is very easy to understand. And python has many
libraries that support machine learning and statistical analysis and are used to analyze data and
get approximate data [23].

3. RESULTS AND DISCUSSION

This study perform data mining calculations through several stages, namely:
3.1. Data Sample
From the results of the study, the data samples from 2017-2021 as follows:

Table 1. Data Sample

No Date Patient's name Age Adress Ba%/atBeirth Gsr?r?grs ngi%%t ng;?g Gender no. hp

1 HitHHHH Dwi Lestari BKH dsn 6 01/07/2017 7,15 3400 50 woman 0823 0627 8253
2 13/1/2017  Reni Pauji BKHdsn2  13/1/2017 22,30 4000 50 man 0822 9908 1857
3 din Tari Banjar ratu 02/01/2017 3,40 2500 45 woman

4 HiHHHHEH Dede Rohaeti BKH dsn 6 02/01/2017 11,00 4000 50 man

5 27/3/2017  lyan Susi Kagenah BKH dsn 2 02/07/2017 10,30 1800 47 man

6 29/3/2017  Supiah 30 BKH dsn 5 29/3/2017 10,10 2800 49 woman 0853 6956 7819
7 i Rahma 20 BKH dsn 3 04/03/2017 4,45 2500 46 man 0823 7762 8477
8 13/4/2017  Siti Khalifah Ulfa 19 BKH dsn 2 13/4/2017 7,20 3000 49 man

9 24/4/2017  Sri Purwanti 21 Banjar ratu 24/4/2017 17,00 3200 49 man

10 HiHHHHH Triyani 29 BKH dsn 3 05/01/2017 8,30 3200 50 man 0812 7851 6143
11 #ut Fitriyani 28 Banjar ratu 05/06/2017 12,30 3000 49 woman 0823 7269 3630
12 HHHHHHIR Rina 19 BKH dsn 3 05/08/2017 3,00 3000 42 man 0852 6737 0348
13 #utH Sutini 24 tanggerang 05/09/2017 18,15 3200 48 man

14 HHHHHHE Devi Banjar ratu 05/10/2017 3,30 3000 48 woman

15  16/5/2017  Kurniasih BKH dsn 1 16/5/2017 11,00 3500 46 man

16 HiHHHHIR Ati Widi Astuti 22 BKH dsn 1 06/02/2017 16,15 3000 49 woman 0821 2726 3342
17 #u#uit Tri Nuryanti 24 candirejo 06/07/2017 4,45 3000 48 woman 0823 8849 5756
18 HiHHHHH Imas Siti Hajar 19 BKH dsn 3 06/10/2017 0,05 3500 50 woman 0852 1041 1521
19 #u#HHH Wayan Suati 30 Bali agung 06/10/2017 8,00 3400 48 woman 0853 6810 8026
20 HiHHHHIH? Rini 19 BKH dsn 3 06/11/2017 14,30 2400 46 man 0821 7881 3376
21  16/6/2017  Sukarmi 25 spontan 16/6/2017 1,30 3300 48 man 0822 8061 2247
22 29/6/2017  Deti Harianti 19 BKH dsn 3 29/6/2017 22,43 4000 50 man 0853 8480 5079
23 30/6/2017  Ronayah 25 BKH dsn 2 30/6/2017 23,23 2500 45 man 0852 7376 8810
24 HiHHHEH Anita 29 BKH dsn 3 07/02/2017 7,30 2800 47 woman 0823 7691 5441
25 HitHHHHH? Nuning Asriyani 20 BKH dsn 2 07/06/2017 11,30 3500 49 woman 0853 8424 1347
26 20/7/2017  Dewi Setyawati 26 Banjar ratu 20/7/2017 12,30 4000 50 man 0823 0654 2678
27 23/7/2017  Siti Fatimah 27 BKH dsn 4 23/7/2017 8,00 3100 50 woman

28  23/7/2017  Devi Nurmala 25 BKH dsn 2 23/7/2017 16,30 3800 50 man

29 HiHHHHH Wayan Kerti 32 Bali agung 08/04/2017 10,30 3500 48 woman 0823 0695 7405
30  13/8/2017  Sinta Kartika 18 BKH dsn 1 13/8/2017 17,30 3300 48 woman 08313094 2380
31 17/8/2017  Juwariyah 28 BKH dsn 1 17/8/2017 9,30 3200 49 man

32 21/8/2017  Nengah Parwati 18 Bali agung 21/8/2017 8,05 3700 48 woman 0852 1356 3684
33 26/8/2017  Ningrumiyati 30 BKH dsn 1 26/8/2017 22,15 3400 48 man 0823 7218 4383
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3.2. Data Cleaning
From the sample table data, the next step is data cleaning, namely eliminating

incomplete data and double data, so that the following data:

Tabel 2. Data Cleaning

No Patient's name Adress Age Baby Weight Baby Length Gender
1  supiah BKHdsn5 30 2800 49 Man
2  rahma BKHdsn3 20 2500 46 Man
3  sitikhalifahulfa BKHdsn2 19 3000 49 Women
4 sri purwanti Banjarratu 21 3200 49 Man
5  triyani BKHdsn3 29 3200 50 Man
6 fitriyani Banjar ratu 28 3000 49 Man
7  rina BKHdsn3 19 3000 42 Women
8  sutini tanggerang 24 3200 48 Man
9  ati widi astuti BKHdsn1 22 3000 49 Man
10  tri nuryanti candirejo 24 3000 48 Man
11 imas siti hajar BKHdsn3 19 3500 50 Women
12 wayan suati Baliagung 30 3400 48 Man
13 rini BKHdsn3 19 2400 46 Women
14 sukarmi spontan 25 3300 48 Man
15  deti harianti BKHdsn3 19 4000 50 Women
16 ronayah BKHdsn2 25 2500 45 Man
17 anita BKHdsn3 29 2800 47 Man
18 nuning asriyani BKHdsn2 20 3500 49 Man
19 dewisetyawati Banjarratu 26 4000 50 Man
20 siti fatimah BKHdsn4 27 3100 50 Man
21 devi nurmala BKHdsn2 25 3800 50 Man
22 wayan kerti Baliagung 32 3500 48 Man
23 sinta kartika BKHdsn1 18 3300 48 Women
24 juwariyah BKHdsn1 28 3200 49 Man
25 nengah parwati Baliagung 18 3700 48 Women
26  ningrumiyati BKHdsn1l 30 3400 48 Man
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3.3. Data Transformation

Table 3. Data Transformation

No  Patientsname  Baby Length Baby Weight Age Mother Description of age

1  Supiah 49 2800 30 Mature

2 Rahma 46 2500 20 Teenager
3 Siti Khalifah Ulfa 49 3000 19 Teenager
4 SriPurwanti 49 3200 21 Teenager
5  Triyani 50 3200 29 Mature

6  Fitriyani 49 3000 28 Mature

7 Rina 42 3000 19 Teenager
8  Sutini 48 3200 24 Teenager
9  Ati Widi Astuti 49 3000 22 Teenager
10  Tri Nuryanti 48 3000 24 Teenager
11 Imas Siti Hajar 50 3500 19 Teenager
12 Wayan Suati 48 3400 30 Mature
13 Rini 46 2400 19 Teenager
14 Sukarmi 48 3300 25 Mature
15 Deti Harianti 50 4000 19 Teenager
16 Ronayah 45 2500 25 Mature
17 Anita 47 2800 29 Mature
18 Nuning Asriyani 49 3500 20 Teenager
19 Dewi Setyawati 50 4000 26 Mature
20  Siti Fatimah 50 3100 27 Mature
21  Devi Nurmala 50 3800 25 Mature
22  Wayan Kerti 48 3500 32 Middle-Aged
23 Sinta Kartika 48 3300 18 Teenager
24 Juwariyah 49 3200 28 Mature
25 Nengah Parwati 48 3700 18 Teenager
26  Ningrumiyati 48 3400 30 Mature

3.4 Implementation of Data Mining Techniques
3.4.1. Testing Data
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Tabel 4. Testing Data
No Patientsname Baby Length Baby Weight Mother Age Age Description

1  Supiah 49 2800 30 Mature

2  Rahma 46 2500 20 Teenager
3 Siti Khalifah Ulfa 49 3000 19 Teenager
4 Sri Purwanti 49 3200 21 Teenager
5  Triyani 50 3200 29 Mature

6  Fitriyani 49 3000 28 Mature

7 Rina 42 3000 19 Teenager
8  Sutini 48 3200 24 Teenager
9  Ati Widi Astuti 49 3000 22 Teenager
10  Tri Nuryanti 48 3000 24 Teenager
11 Imas Siti Hajar 50 3500 19 Teenager
12 Wayan Suati 48 3400 30 Mature
13 Rini 46 2400 19 Teenager
14 Sukarmi 48 3300 25 Mature
15 Deti Harianti 50 4000 19 Teenager
16 Ronayah 45 2500 25 Mature
17  Anita 47 2800 29 Mature
18 Nuning Asriyani 49 3500 20 Teenager
19 Dewi Setyawati 50 4000 26 Mature
20  Siti Fatimah 50 3100 27 Mature
21 Devi Nurmala 50 3800 25 Mature
22  Wayan Kerti 48 3500 32 Middle-Aged
23 Sinta Kartika 48 3300 18 Teenager
24 Juwariyah 49 3200 28 Mature
25 Nengah Parwati 48 3700 18 Teenager

3.4.2 Variable Value
Table 5. Variable Value

No Rating Attribute Rating Range
"~ Code Description Range Rating

1. Al Mother Age 17-24 4
25-31
32-39
40-47
2 A2  Baby Length 38-40
41-44
45-48
49-51
3 A3  Baby Weight 1900-2475
2476-3050
3051-3625
3626-4200

R NWRARPN®WEPRPND®
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3.4.3. C4.5. Algorithm Method

Based on the value of information entropy and gain in the data above, the criteria
that most influence predicting childbirth in Banjar Kertahayu Village, Way Pengubuan
District, Central Lampung Regency show:

Table 6. Knowledge Presentation
Tahun Kriteria Dominan Nilai

2017 A3 (Baby Weight) 0,3324138
2018 A3 (Baby Weight) 0,2973251
2019 A3 (Baby Weight) 0,208335758
2020 Al (Mhoters Age) 0,30103
2021 A3 (Baby Weight) 0,169393

Age

N

Middle-Aged Age

Teenager

Mature

Figure 2. Decision Tree results

The middle-aged attribute has a dominant age category value of 0.3324138. So that the
highest value in 2017. Then the average accuracy can be seen in the table below

Tabel 7. average accuracy
Year  Accuracy

2017  100%
2018  100%
2019  100%
2020  100%
2021  100%
Average 100%

The calculation of labor above has 100 percent accuracy from 2017 to 2021 data. The
dominant criterion is the baby's weight.
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Confusion Matrix

3.4.4. Implementation of Phyton Method C 4.5
(1 1138

[@ 5]]
Tingkat Akurasi Algoritma C4.5
Akurasi : precision recall fi-score  support
1 1.88 1.e8 1.e8 3
2 1.8 1.8 1.8 5
accuracy 1.00 8
macro avg 1.68 1.68 1.608 8
weighted avg 1.88 1.88 1.88 8

Tingkat Akurasi: 10@ persen

" [23] from sklearn.tree import export_graphviz
export_graphviz(tree_dataset, out_file="Tree_Keterangan.dot", class_names=["Remaja","Dewasa","Paruh Baya","Usia Tua"
feature_names=atr_dataset.columns, impurity=False, filled=True)

4\ cB oLl
1 ° import graphviz
with open("Tree Keterangan.dot") as fig:
dot_graph = fig.read()
graph = graphviz.Source(dot_graph)

graph.vieu()

Figure 3. Results and Accuracy C 4.5

Usia <= 7.5
samples = 89
value = [38, 16, 34, 1]
class = Remaja

True filse

Usia <= 14.5
samples = 55
value = [38, 16, 0, 1]
class = Remaja

N

Usia <= 21.5
samples =17
wvalue = [0, 16, 0, 1]
class = Dewasa

N

samples = 16
value = [0, 16, 0, O]
class = Dewasa

Figure 4. Decision Tree

3.4.5 Naive Bayes method

Based on the probability value in the data above, the most influential criteria in
predicting childbirth in Banjar Kertahayu Village, Way Pengubuan District, Central
Lampung Regency show:

Table 8. Knowledge Presentation
Year Kategori Age Dominan  Score

2017 Middle-aged 0,09765
2018 - 0

2019 Middle-aged 0,02775
2020 - 0

2021 Middle-aged 0,333

The middle-aged class has a dominant age category value of 0.09675. So that the
highest value in 2017. Then the average accuracy can be seen in the table below.

Naive Bayes Method and C4.5 in Classification of Birth Data (Asep Afandi)
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Tabel 9. Average Accuracy

Tahun  Akurasi
2017  97,56%

2018  95,83%

2019  95,45%

2020  85,71%

2021  95,65%
Average 92,84%

3.4.6 Python implementation of Naive Bayes method

[35] 110 111 ayu handayani 21 3200 A8 Remaja
1M1 112 komang ayu 23 2800 48 Remaja

112 rows = 6 columns

[36] from sklearn.preprocessing import LabelEncoder
[37] enc = LabelEncoder()

[38] data[ 'Nama Pasien’] = enc.fit_transform(data[ "Mama Pasien’].values)
data["Usia’] = enc.fit_transform({data[ 'Usia’'].values)
data[ BB bayi'] = enc.fit_transform(data[ 'BE bayi’'].values)
data["Panjang Bayi'] = enc.fit_transform(data[ "Panjang Bayi'].values)
data[ "Keterangan Usia’] = enc.fit_transform(data[ "Keterangan Usia"].values)

[39] atr_data = data.drop(columns="Keterangan Usia")
atr_data.head()

No MNama Pasien Usia BB bayi Panjang Bayi 2,:
0 1 a0 13 3] 6
1 2 68 3 3 3

Figure 5. Results Naive Bayes
[41] from sklearn.naive_bayes import GaussianNB

[42] xtrain, xtest, ytrain, ytest = train_test_split(atr_data, cls_data, test_size=8.2, random_state=580)
tree_data = GaussianMB()
tree_data.fit(xtrain, ytrain)

GaussianMB()

[43] tree_data.class_count_

array([38., 16., 35.])

[44] print("nNilai akurasi pada data testing:", tree_data.score(xtest, ytest))

Nilai akurasi pada data testing: ©.8260869565217391

Figure 6. Accuracy Naive Bayes

3.5 Evaluation
Based on the results of algorithm calculations and python implementations we get:
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Tabel 10. Result Conclusion

Method Year Category Score Accuracy Accuracy Python
2017 A3 (Baby Weight) 0,3324138 100%
2018 A3 (Baby Weight) 0,2973251 100%

C45 2019 A3 (Baby Weight) 0,208335758 100% 100%
2020 Al (Mohters Age) 0,30103 100%
2021 A3 (Baby Weight) 0,169393 100%
2017 Middle-aged 0,09765 97,56%
2018 - 0 95,83%

Naive Bayes 2019 Middle-aged 0,02775 95,45% 82%
2020 - 0 85,71%
2021 Middle-aged 0,333 95,65%

4, CONCLUSIONS
From the calculation results Method C 4.5, The middle-aged attribute has a dominant

age category value of 0.3324138. The highest value was in 2017, with and accuracy of 100
percent, and for Python implementation accuracy of 100% was taken from data from 2017 to

2021.

With criteria on Baby Weight. The Naive Bayes method The middle-aged class has a

dominant age category value of 0.09675, the highest value was in 2017, with accuracy for five

years

accuracy 92.84% based on 2017-2021 training data for Python implementation accuracy

of 82%.
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