ﬁ

|v"_

UIN SUSKA RIAL

< ©

< =

> +—

N @
x 5 £
— = o
T & & E 7| < _._.Iw -

- - o - | e
Y < X Y| < F N e <
33 5191 QS -

— = P o
S 225 3 § nial : X
S 88t 48 l/_._\_.n_ 7 3
= S =

wn (44}

> S

L ©

Q o

Untuk Memperoleh Gelar Sarjana Teknik

FAKULTAS SAINS DAN TEKNOLOGI
» UNIVERSITAS ISLAM NEGERI SULTAN SYARIF KASIM RIAU

THE RANDOM FOREST ALGORITHM FOR CLASSIFYING
STUNTING IN TODDLERS BASED ON ANTROPOMETRIC
DATA

Hak Cipta Dilindungi Undang-Undang

1. Dilarang mengutip sebagian atau seluruh karya tulis ini tanpa mencantumkan dan menyebutkan sumber:
a. Pengutipan hanya untuk kepentingan pendidikan, penelitian, penulisan karya ilmiah, penyusunan laporan, penulisan kritik atau tinjauan suatu masalah.
b. Pengutipan tidak merugikan kepentingan yang wajar UIN Suska Riau.

2. Dilarang mengumumkan dan memperbanyak sebagian atau seluruh karya tulis ini dalam bentuk apapun tanpa izin UIN Suska Riau.



LEMBAR PERSETUJUAN

' THE RANDOM FOREST ALGORITHM FOR CLASSIFYING
STUNTING IN TODDLERS BASED ON ANTHROPOMETRIC
DATA

TUGAS AKHIR

Oleh

AIDIL ZIKRI
NIM. 12050110404

Telah diperiksa dan disetujui sebagai Laporan Tugas Akhir
di Pekanbaru, pada tanggal 04 Juli 2024

Pembimbing I, Pembimbing II,
Dr. Alwis Nazir, M.Kom. Suwanto Sanjaya, S.T., M.Kom.

NIP. 197408072009011007 NIP. 198702072024211009




< ,r
- / 4 y "
., o .. i = - & I.'I I

LEMBAR PENGESAHAN

-THE RANDOM FOREST ALGORITHM FOR CLASSIFYING
STUNTING IN TODDLERS BASED ON ANTHROPOMETRIC
DATA

Oleh

AIDIL ZIKRI
NIM. 12050110404

Telah dipertahankan di depan sidang dewan penguji
sebagai salah satu syarat untuk memperoleh gelar Sarjana Teknik
pada Universitas Islam Negeri Sultan Syarif Kasim Riau

Pekanbaru, 04 Juli 2024
Mengesahkan,
Ke urusan,

De

-
\

'

» "

“NIP 19640301 1992031 003

DEWAN PENGUJI ’
Ketua : Liza Afriyanti, M.Kom. -~

Pembimbing I : Dr. Alwis Nazir, M.Kom. l S

Pembimbing [I  : Suwanto Sanjaya, S.T., M.Kom. /
Penguji I : Dr. Elin Haerani, S.T., M.Kom. -

Penguji 11 : Iis Afrianty, S.T., M.Sc. E E : é "f_l— -




SURAT PERNYATAAN

Saya yang bertanda tangan di bawah ini:

Nama : Aidil Zikri ,

NIM . : 12050110404

Tempat/Tgl. Lahir : Duri, 0-4 Januari 2002

Fakultas/Pascasarjana : Sains dan Teknologi

Prodi : Teknik Informatika

Judul Jurnal : The Random Forest Algorithm For Classifying Stunting In

Toddlers Based On Anthropometric Data.
Menyatakan dengan sebenar-benarnya bahwa:

1. Penulisan jurnal dengan judul sebagaimana tersebut di atas adalah hasil pemikiran dan
penelitian saya sendiri.

Semua kutipan pada karya tulis saya ini sudah disebutkan sumbernya.

Oleh karena itu jurnal saya ini, saya nyatakan bebas dari plagiat.

Apabila di kemudian hari terbukti terdapat plagiat dalam penulisan jurnal saya tersebut, maka
saya bersedia menerima sanksi sesuai peraturan perundang-undangan.

Bow o

Demikian Surat Pernyataan ini saya buat dengan penuh kesadaran dan tanpa paksaan dari pihak
manapun juga.

Pekanbaru, 04 Juli 2024

Yang membuat pernyataan

Aidil Zikri

NIM. 12050110404



N
=)
)
=
1))
=]

(=]
3
@
=]

(=]
c
=
=
=]
—
-~
QO
=
(@}
QO
=]
3
4]
3
L=}
[{]
-
o
[4)]
=

S~
jaf]
D
w
(2]
o
)]

Q
4V
= |
Ay
©
[a}]
(=
w
[0}
|
s |
o
=T
=
©

<
[4)]
=
-
3
(@R
5]
2h]
=
-
O
4]
=
=
[
=
2]

o
jab]

O
=
=
5
=

O
jh]
N
=
c
Z
w
o
w
-~
QO
)
)]
=

=3
-
@
3
(@]
C
(=
©
1]
3
=
b
=
=
@
223 |
o
Q
>
&
-
=
)
©
0]
=1
=
©
)]
=
s
o))
=
(@]
s
D
1]
=
=
z
w
C
]
o
b
A
j0h]
!.'_"

U]
0
@
=
Q
o
=r
°
4]
=
=
4]
=]
<
4]
e
=
=
c
=
F3
D
o
(]
=
=
=)
(o]
4]
=
©
D
=}
=
(2]
=
4]
=
©
@
-
o
=
Q
=]
©
D
=
=
7]
O]
=
x
Q
=
-
W]
3
4]
=
o
D
=
Sl
C
w
c
=
[A}]
=
v
©
]
=
4]
=
©
@
=
(=)
7]
)]
=
=
=
=
juh]
o
=
—_
=
4]
o=
)
=
wn
=
D
£
=;
j1}]
]
1]
4]
=

-
Y
)
Q
=
Q@
3
—
@
=
Q
"
=
O
o
®
o
@
Q,
Q
-
O
Q
=
o
®
=
-
o
=
=
Q
<
@
=
&
=
3.
=
Q
=
o
o
=
-
®
S
O
Q)
=
=
et
=
—
=
Qv
=
Q.
Q
-
-
-
@
-
<
®
o
&
=
=
L
-
o
=
=
o
®
o

o
<}
-~
o
T
o
Y
=
g
o
c
S
Q
c
=
o
1]
=)
@
:
c
S
Q
')
=
@

LEMBAR HAK ATAS KEKAYAAN INTELEKTUAL

Tugas Akhir yang tidak diterbitkan ini terdaftar dan tersedia di Perpustakaan
Universitas Islam Negeri Sultan Syarif Kasim Riau adalah terbuka untuk umum
dengan ketentuan bahwa hak cipta pada penulis. Referensi kepustakaan
diperkenankan dicatat, tetapi pengutipan atau ringkasan hanya dapat dilakukan
séizin penulis dan harus disertai dengan kebiasaan ilmiah untuk menyebutkan

sumbernya.

Penggandaan atau penerbitan sebagian atau seluruh Tugas AKkhir ini harus
memperoleh izin dari Dekan Fakultas Sains dan Teknologi Universitas Islam
Negeri Sultan Syarif Kasim Riau. Perpustakaan yang meminjamkan Tugas Akhir
ini untuk anggotanya diharapkan untuk mengisi nama, tanda peminjaman dan

tanggal pinjam.



; o o 5 3

53853 LEMBAR PERSEMBAHAN
‘5_ /,u ~ /7/‘,u ~ /ul -~ -
§ Alhamdulillahi Rabbil'alamin

Dengan Mengucapkan Syukur Pada Allah SWT,

Alhamdulillah, saya telah menyelesaikan Tugas Akhir ini.

Saya Persembahkan Tugas Akhir ini Kepada Orang-orang yang
Sangat Saya Sayangi Khususnya Kedua Orang Tua, Adek, Keluarga

Besar dan Partner Tersayang. Terima kasih atas doa, dukungan

‘nery eysng NN Jelem BueA uebuiuaday ueyibniaw yepn uedi

‘yejesew nens uenelun neje ynuy uesijnuad ‘uelode] ueunsnAuad ‘yeiw| efiey uesijnuad ‘uenijauad ‘ueyipipuad uebunuaday yMun eAuey uedi

dan kasih sayang yang telah diberikan selama ini.

Tidak lupa, saya sampaikan rasa terima kasih yang mendalam
kepada para dosen pembimbing, dosen penguiji, teman-teman, dan
semua pihak yang telah memberikan bimbingan, bantuan, serta

semangat selama proses penyelesaian Tugas Akhir ini.

:laquins ueyngaAusw uep ueywnuesusw eduey 1w siny eA1ey ynines neje ueibeges diynbusu

Semoga Tugas Akhir ini Bermanfaat bagi Pembaca dan Dapat

Memberikan Kontribusi yang Positif bagi llmu Pengetahuan.

HAamiin Ya Rabbal Alamiin.

‘nery B)snS NN uizi edue) undede ynjuaq wejep Iul sijn} eAsey yninjas neje ueibegas yeAuegiadwaw uep uejwnwnbuaw



LEMBAR PERNYATAAN

L]

Dengan ini saya menyatakan bahwa dalam Tugas Akhir ini tidak terdapat karya
yang pernah diajukan untuk memperoleh gelar kesarjanaan di suatu Perguruan
Tinggi, dan sepanjang pengetahuan saya juga tidak terdapat karya atau pendapat
yang pernah ditulis atau diterbitkan oleh orang lain kecuali yang secara tertulis
diacu dalam naskah ini dan disebutkan didalam daftar pustaka.

Pekanbaru, 04 Juli 2024

Yang membuat pernyataan,

-~

IDIL ZIKRI

NIM. 12050110404



$

‘nery eysng NN wizl eduey undede ynjuaq wejep Ul sijn} eAIRY yninjas neje ueibegas yeAueqiadwaw uep ueywnwnbusw Buele|q ‘'z

E Fhis Letter is to confirm you that your article named “The Random Forest

-algorithm for classifying stunting in toddlers based on anthropometric

éata" has been accepted to be published.

i

’ Author’s: Aidil Zikri, Alwis Nazir, Suwanto Sanjaya, Elin Haerani, lis Afrianty

2 e A 2
ﬁ:S.!IS 82-7138
” ternational Journal of Multidisciplinary Research and
cw 5B B Growth Evaluation
o § g. 3 Website - www.allmultidisciplinaryjournal.com
@ a § g Z Email - alljournal.paper@gmail.com
3% 3 5 5
=-25 B
S =@
~2%¢5 3
BcEE S
03;%’ 28 =
5 BEAR [ALWIS NAZIR],
2o ¢
53 5
G o5
> Gréetings of the Day,
D = a
a
s
Q£
g
(&=
=
s
5
)
=

Date: 14.06.2024

Eest Regards

éyush Kumar

'@ternatlonal Journal of Multidisciplinary Research and Growth Evaluation
%/&sne www.allmultidisciplinaryjournal.com

%r@ﬂ. alljournal.paper@gmail.com

Ph3 +91-9654690023

:18q

Website: www.allmultidisciplinaryjournal.com
Email: alljournal.paper@gmail.com

‘yejesew niens uenefun neje ¥y uesiinuad ‘uelode

nery wisey[ JIreAg uej[ng jo A}ISIdAIU


http://www.allmultidisciplinaryjournal.com/
mailto:alljournal.paper@gmail.com
http://www.allmultidisciplinaryjournal.com/
mailto:alljournal.paper@gmail.com

| International Journal of Multidisciplinary Research and Growth Evaluation www.allmultidisciplinaryjournal.com

International Journal of Multidisciplinary
Research and Growth Evaluation.

a =0

Tl L A i e |

S5 9 n =@

gfl'ﬁeuﬁf?@d:om Forest algorithm for classifying stunting in toddlers based on anthropometric data
2325832

?Aiiﬁil{zi@fl £ Alwis:Nazir 2, Suwanto Sanjaya 3, Elin Haerani 4, lis Afrianty 5

g'%ae“ults_e oLaSmence and Technology Sultan Syarlf Kasim Riau State Islamic University, Pekanbaru, Indonesia

- 83803

(:%* %oﬁ?s@ngmg Author: Alwis Nazir

 m—

58> 5

‘&Eti@ezlnfo Abstract

2 5= % Stunting is a growth and developmental disorder in children that often occurs during
D S the first 1,000 days of life, from conception to the age of two. Factors such as
& %@(@h Ine): £562-7138 inadequate nutritional intake, recurrent infections, and a less clean environment can
gl@,péc'fg:a ctor: 5.307 (SJIF) contribute to stunting. In this case, use the random forest algorithm. The goal is to
3 @u}gn%. 05 categorize the stunting case. The variables used are gender, age, birth weight, birth
§|3§ug 03 height, weight, height, and Exclusive Breastfeeding. With the number of datasets used
JMéy"l—JJ@]e 2024 reaching 6,500, the experiment was performed with a combination of parameters,
[ a

ER?CG& ad: 18-04- 2024: namely n_estimators 100, 200, and 500. Max_features = 5, 7, 10, and 13. As well as
g g min_samples_split and min_sample_leaf = 20, 50, and 100. Based on the specified set
;AQI:@P §d 20-05-2024 of hyperparameters, 108 test results were obtained. The highest accuracy is 0.9651,
;:Pﬁgé;Ng 931-937 with precision = 0.9603, recall = 0.9718, and F1-score = 0.9660. With n_estimators
o ~ = formed = 100, max_depth = 13, min_samples_split = 20, and min_samples_leaf = 20.
2 S g DOI: https://doi.org/10.54660/.1JMRGE.2024.5.3.931-937

@Key@r«% Data Mining, Random Forest, Stunting

g 2=

:

;Introguciion

:_StuntEBg is a growth:and developmental disorder experienced by a child and occurs early in life, especially in the first 1000 days
Sfrom gongeptlon to-the age of two. (World Health Organization, 2015) 2%, This condition is characterized by a child's height
Sbeingdower than the-average age. Factors such as poor nutritional intake, recurrent infections, and a less clean environment can
:pontrrBute to stunting. In the long run, stunting has a serious impact on the health and ability of children to reach their potential.
dAzahra etal., 2022) A, HAZ and WAZ are assessments for stunting measurements based on anthropometric data.
:Data a;nthropometry is a science that studies the human body's morphology and various dimensions. It is a series of quantitative
=measyrements of muscles, bones, and adipose tissue used to assess body composition. The process of determining a person's
cnutritidnal status generally involves the collection of important data that can be objective and subjective, then compared to
“gxisting criteria.(Permana Ratumanan et al., 2023) %1, It is used to measure stunts and reduce the rate of prevalence that occurs.
QAcco@iing to a report by the World Health Organization (World Health Organization, 2023) 211 in 2022, it was found that 148.1
|II|oﬁ (22.3%) children under the age of five were characterized by too short heights compared to their age. (Stunting). Asia
anks?ﬂrst with 52 percent of the global prevalence, followed by Africa with 43 percent. According to the Indonesian Nutrition
38tatu§Study (SSGI) report, the prevalence of stunting will be 24.4% by 2021 in Indonesia itself. There was a decrease in 2022,
“to 21_6% The government targets a reduction of 17.8% by 2023 and a reduction of 14% by 2024. (Kemenkes RI, 2023) ["],
Based-on the above-data, the attempt to decrease the stunting rate is done by determining the factors that mfluence stunting. To
|dent|5 such factors, one can use the data mining method. Data mining is the process of digging and managing large databases
to obtéin new information or knowledge (knowledge discovery) (Gede Iwan Sudipa et al., 2023) ¥, Machine learning is one
methad used in datasmining.
One important aspéct of data mining is machine learning, which is the study of computer algorithms capable of identifying
patterﬁs in data without significant human intervention. (Situmorang, 2023) 8. In the book "Introduction to Concepts and
Machine Learning," written by (Wira Gotama Putra, 2020) 191 machine learning is described as a technique to create models

931|Page
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~ thap reflect-patterns in data. In machine learning, there are
= techhigues [called classification. Classification is a type of
~ data analysis that can help people determine the label class of
the sample they want to classify.
Ylassificﬁioﬁ is supervised learning, a method that tries to
Hind & r%iaﬁpnshlp between input and target attributes.
“f(l-ﬁhdﬁaﬁf 2918) BL There are many algorithms that can be
H:u&e_’d jpr—claSsmcatlon methods; one of them is Random
arest:.
ﬁﬁorﬁ?fogg_est algerithm is defined as a group of regression
cIaééiflgatlons trained on training data using random
ﬁur% c@l‘é‘és in the resulting tree process. Once a humber
—of ﬁe‘e% hgve’i)een produced, each tree chooses to get the most
fpoggulﬁr glaﬁs For--this technique of classification, two
;o@genﬁte@ are required: the number of trees and the number
~bf:attrfb sﬁsed In-a random forest algorithm, the decision
gtrewe @eﬁn@t leave” because it is a majority vote group.
(_D(P§d$1acet al., 2021) 4, In a study by (Miftahusalam et al.,
C2(ﬁ2)§1°!€ a comparison of Random Forest, Support Vector
_‘Mazchtner and Naive Bayes' algorithms in Twitter's
_:,setntlmen‘fal analysis, of public opinion about the removal of
ﬁonorgblgﬁofﬂmals showed the following results: Random
OT&ES'[%I&@ an accuracy of 66.67%, support vector machine
gﬁﬁi 33%);and naive’bayes (64%).
:Selgeral felated studies on random forest classification
:me:lhagis and stunting case studies. According

B
=
6

i

w b

4y

T‘IL.H,O.@UJ}
|§BL gd

U

e L

. Matena@ and Methods
oSt tuntiAg s a condition in which a child's growth is hindered
ghafg h;g or her height is lower than the standard of his or
éBrs?\iRosarlta Niken Widiastuti, 2019) [*61. According to
arch £\Nulandar| Leksono et al., 2021) 2, stunting is a
ﬁdIHOFEOf impaired growth and development in children
"~“due ta r;ﬁalnutrition, infection frequency, and a lack of
:adeqe@teepsychosomal stimulation. According to research
Z(Nugrehget al., 2021) 12, the factors that influence the
—mmdencejof stunting in early childhood are energy intake,
Z?blrth Welght maternal education level, family income level,
:paren;m = practices, and dietary diversity. Meanwhile,
oaccormn to research (Firrahmawati et al., 2023) Bl the
_;factoP§ that influence stunting are parental income and
Smaterifal Bducation:
.xThe p‘foeess of classifying stunts can be done using data
;mwmmg methods. Data mining, according to the book "Data
(D

ne

ACIJP}ng.I ue
%’Hc
=S

www.allmultidisciplinaryjournal.com

Mining Algorithm C4.5," written by (Muslim et al., 2019)
(11 to research (Juwariyem & Sriyanto, 2023) [, based on
the results of random forest testing to see the accuracy of the
prediction of the success of the data tested, they obtained an
accurate result of 85.86%. Testing was carried out through a
confusion matrix evaluation. This model can be used to
predict young people at risk of stunting. According to
research conducted by (Adzhima, 2023) [ using support
vector machines to classify news stunting status, The test was
performed with y = 0.01 parameters, using the attributes age,
gender, premature lactation index (IMD) weight, and height,
reaching an average accuracy of 98.99%.

According to the study (Setiawan, 2023) 7], a web- based
stunting classification system using the Naive Bayes method
using the same data set obtained accuracy from stunting
calculations of 91%, accuracy of 89%, and recall of 95%.
According to a study (Pahlevi et al., 2024) 231 optimization
of the Naive Bayes-based particle swarm optimization
algorithm for the classification of stunting status. Using the
same data and variables, the test obtained an accuracy of
80.69%, and the model was evaluated with a confusion
matrix and a ROC curve or under curve (AUC).

Therefore, based on previous studies on the classification of
stunts, this study attempts to classify stunts using data that
includes gender type, age, birth height, birth weight, weight,
body heights, exclusive breastfeeding, and the source status
of Kaggle. This study will use the Random Forest algorithm
by finding its accuracy with Python is a process in which
significant patterns and knowledge are found in large
amounts of data. Data sources can be databases, warehouses,
the web, repositories, or data that flows into the system.
According to the book "Data Mining and the Application of
Methods," written by (Liantoni, 2022) ], data mining is the
steps taken to extract useful information from a vast database.
It needs extraction to generate new insights that can help or
contribute. One algorithm that can be used to classify stunts
is random forest. Random forest is a method that employs a
number of decision trees. The maximum number of voices
that appear from the entire decision tree will be used to
determine the class of a data input. In general, the use of many
decision trees can provide optimum global accuracy values
(Kusumarini et al., 2021) [€l. Here are the stages of the
research process, which can be seen in Fig 1.

Pre-Processing

Data Collection Tramefarmat "
Transformation Data

¥

Build a Random Forest Testing |

Model Evaluation

NIN Wzt edue unc

%bata Lollections

*'In this study, the researchers identified an emerging problem,

;ﬁamely the classification of stunting status on news based on

Zanthropometric data (Wulandari Leksono et al., 2021) 221,

“The necessary datarcollection is carried out to be able to
deterrﬁlne the status-of stunting on the news by measuring the
valueSJof the variables that affect stunting.
Data m this study istebtained from a secondary source taken
from i(aggle Data*is obtained from the Kaggle account
https:/iwww.kaggle.com/datasets/muhtarom/stunting/data,
accesséd at 00:12 GMT on March 13, 2024. The data set used
is fror,’ﬁthe year 2023, with the total amount of data reaching

i Fig 1: Research Process flow

6500 records, with the number of variables being 7 variables
(X) with 1 class (Y).

Transformation Data

The data obtained can still not be directly used in the
classification model, so it requires a data processing effort,
including data transformation. Once the data processing
phase is completed, you get a ready-to-use dataset.

Build a Random Forest

After the data processing phase, the next step is to implement
the data into a random forest algorithm to perform a

932|Page
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flca%of the stunting status of the news. The stages of
of the classification model in this study can be
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seen on the flowchart below in Fig 2.

Start

Dataset

as
Stunting

Load Stunting

df

0

Set Tree_list = Select

Features in df

Buepun-Buepun 1Bunpuijg edid yeH

A4

A

Fori
max_

in (0 Set
tree) HyperParameter

‘nery eysng Nin Jelem buek uebunuaday ueyibniaw yepn uedinnbuad °q

A

Build Tree

Put Tree in
Tree_list

I eAiey uesinuad ‘uenijeuad ‘ueyipipuad uebunuaday ynjun eAuey uednnbusd ‘e

hz;ep iUl sijn] eA1ey yninjas neje uelbeqgas yeAuegiadwaw uep ueyjwnwnbusw Buele|q 'z
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co@h to the flowchart above, the common random forest

Q§tage&;ar‘e:

gi ,@cgdmg to the ratio used, divide the data into training
= data@nd test data.

2. rmis a prediction tree with as many trees to be built.
1) chéextinction:tree has a random predictor based on the
5 hyperparameter used.

A, Nextp a random forest will make predictions by
&  c@mbining thesresults of each decision tree with a
= n?ajority vote for classification.

= CD

“Modef Testing

cThe next step is to'evaluate the model that has been built
Zusmg Some tests such as accuracy, precision, recall, and f1-
ggcore:Accuracy iSYa common and simple parameter for
;bvalua‘tmg the perfarmance of a classification algorithm, i.e.,
y shgwmg how much of the percentage of the truth of the
&prediction. Precision is the overall prediction's degree of
Caccura:z:y Recall is the level of prediction of the total data that
actualty occurs. Whereas f1-score is how well the model can

"yejeselw njens ue

Fig 2: Random Forest Classification Flowchart

identify the true case while ensuring that there are not too
many errors by comparing accuracies and recalls weighted.

Results

At this stage, analysis and implementation are carried out to
understand the need to conduct a study aimed at finding out
the problem in more detail. This is done by analyzing the
stunting datasets obtained and analyzing the random forest
classification algorithm. After that, implementation is carried
out, i.e., applying the results of the analysis to the objective
of accuracy values to classify the status of stunting.

At the initial stage is data analysis, data obtained from
secondary sources taken from Kaggle. The data set used is
from the year 2023, with the total amount of data reaching
6500 records, with the number of variables being 7 variables
(X) with 1 class (Y). In this study, the scale or range of data
used is for the age variable, measured from 0 to 60 months.
Yes or no for the Exclusive Breastfeeding variable scale
values, and yes or no for the Stunting class. The table can be
seen in Table 1.
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Table 1: Original Data

= - Na |Sex | Age | Birth Weight | Birth Length | Body Weight | Body Length | Exclusive Breastfeeding | Stunting
o F 56 2.9 50 11.0 90.0 Yes No
N3 1 E 20 3.3 49 111 80.5 No No
o B M | 2 2.8 48 6.5 63.0 No No
] a p
o 6498 ™M | 11 2.9 49 7.7 66.0 No Yes
2 gp6498] E | 12 2.9 49 6.5 66.0 No Yes
@%r tf e@laﬁls analyzed, the next step is the data processing by value 0. Once the data processing phase is completed, you

e-This fesearch performs the transformation of data that
s of ﬁ‘le{gf'ﬁﬁe object or string type. On the data obtained,
“thére are gipré variables that are still using the data type string
fb@ha&'r/e geen changed to the data type numeric. This is done
toaura:tﬁé GﬁiSSIflcatlon process that uses the type of data
iE(nq;.gme;;lcal §? float). The variable that is transformed is
yeﬁdeﬂ? tgje \&Iue "E* will be represented by value 1 and "M"

'Doﬁ
@

n

J

get a ready-to-use dataset. The measurement is taken from
eight columns of seven variables (x) and one class (y). The
variables used are gender, age, birth weight, birth height,
weight, height, Exclusive Breastfeeding, and category of the
stunting class. Data used as much as 6500 records. Table 2
can be seen here.

:, fD :: (_Q

5035 % Table 2: Transformation

Q = L"] —

o ENS ESex | Age | Birth Weight | Birth Length | Body Weight | Body Length | Exclusive Breastfeeding | Stunting
2o F1 | 56 2.9 50 11.0 90.0 1 0

= =N 20, 3.3 49 111 80.5 0 0
095 F0 | 4 28 48 6.5 63.0 0 0

=3 @ &7 = 1 14 2.0 49 7.0 71.0 1 0
Ol%48 F0 | 11 29 49 77 66.0 0 1

o 6498 K 1 14 2.9 49 6.5 66.0 0 1

1)) g = =2

= = O

c(gT@ analysis and pre-processing phases of the data have been

gco@p{g ted, followed by the random forest formation phase. Once the hyperparameter is determined, the next step is to
cThe ratios used are (70; 30), (80; 20), and (90; 10). Based on perform a manual entropy calculation. Entropy is used to
xthg a}%lo:any amount of data used can be seen in Table 3. measure impurity in data. This process entails assessing how
3 £ 9 E variable class labels are present in the datasets. Approaching
= = ;T Table 3: Number of Data 1 (one) indicates that the data has a high level of impurity,
~IRatig] Number of Training Data | Number of Testing Data while the lower the data, the more regular it is. Here's the
5[70,30] © 4550 1950 Fulation.

é_ 80;20]. = 5200 1300

ﬁ—S)O;l(f- @ 5850 650 a

S o3 Entropy = (© " rlog2 (")) —

gBase(Eothe ratio that has been determined, the next step is £.500 6,500

1o peéorm a model test. This research uses random forest {3-133 ¢ log 2 ( 2188y

mlasmﬁcanon algorithms. A total of 108 experiments were £.500 o8 (?

tpbtau‘%ed ‘hased on‘the hyperparameters used. At the initial
tﬁtage,mtl“@ model is called, and the hyperparameter is
Sdeterrdingd. That is;n_estimators is the number of trees that
awill bse built to form a forest. The criterion is used to divide
dhe ngde when butlding a tree, and max_features is the
_maxnﬁum number of variables used to separate the split from
“the demsmn tree. Max_depth is the maximum amount of
Cdepthof the tree“fo be built. Min_samples_split is the
?nlnm;.lm amountcof data to be used in a node, and
Ihin _amples_leaf is the minimal number of data in a sheet.
xBasecfi)n its hyperparameters, the criterions that will be used
ﬁre ejntropy, max. features'sqrt’, and min_samples_leaf,
_)\NhICh:WI" be equated with min_sample_split. Here's a
“combination of experiments that can be seen in Table 4.

._)

% Table 4: Hyperparameter

W

iN_Estimators | Max_Depth | Min_Samples_L eaf
c 100 5 20

5 200 7 50

(7 10

;i 500 13 100

= (0.509 *log 2 (0.509) +

(0.491 = log 2 (0.491)))

= (—0.498 + —0.497)
= 0.995

Then based on the manual calculations above, it can be
assured that the data has a high level of impurity. The next
step is to test a model against a data set that has some
combination of parameters already defined. We got 108 test
results. From each ratio and hyperparameter used, the highest
accuracy can be seen in Table 5.

Table 5: Accuracy Results

Ratio The Highest Accuracy Obtained
70;30 0,9651
80;20 0,9623
90;10 0,9646
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)
%S on bove table, it can be seen that the ratio (70;30) min_sample_leaf = 20. And the ration (90;10) has the greatest
h

;Bﬂ@mest accuracy of 0.9652 with the hyperparameters accuracy of 0,9646, with n_estimates = 500 and max_depth
"n_es ors = 100, max_depth = 13, min_samples_split = =13.
20, and min_samples_leaf = 20. Whereas the ratios (80, 20) After that, some of the trees were visualized, which can be
“have a maximum accuracy of 0.9623 with n_estimators = seen in Fig 3 and Fig 4.
500, © maxZdeepth: = 13, min_amples_split, and
€ =

VI VASH

n

‘nery eysns NN Jelem BueA uebunuaday uexibniaw yepny uednynbuad

uad ‘uelode| ueunsnAuad ‘yeiw| eAiey uesinuad ‘uenijeuad ‘ueyipipuad uebunuaday ynun eAuey uednnbusy
JJaquins ueyingaAusw uep ueywnuedsusw edue) 1ul siny eAiey yninjes neje ueibeges diynbusw Buele

Z
m

(= 7]
he visual tree fromi.the random forest is chosen based on the

ighest accuracy obtained from the test data. That is, the ratio

N§N Pzt edue) undede ynjuaq wejep Iul sijn} eAiey yninjas neje ueibegas jyeAueqiadwaw uep ueywnwnbuaw Buelg)

o(70; 30) has a imum precision of 0.9652 with the
@yperﬁérameters used, namely n_estimators = 100,
omax_depth = min_samples_split = 20, and

gnin_ﬁmples_leaf = 20. This decision tree visualization
cprovides insight into how models make decisions based on
the variables used’/to determine the stunting status. For
exam@e, a tree can start by dividing the data by variables
such as gender or a@. Then, each branch may represent more

‘yelesewl nje
nery wisey|

'% Tree 1 Tree 2 Tree 3

o e om e Tm R e

= = w Sm T e e g% = R
5 = gar =  Tm o e = w R KR
a S, IR R = sep=w = m e W RERER
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2 = e e g R e A § p R pe—m &
8 Fm KW mEmhees B g emag R 5 < jew o ww
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T ot F - Py
S B R = e e G2

Fig 4 best random forest tree based on the highest accuracy

specific rules, such as birth weight or birth length. This
process will continue until it reaches the leaf node.

The next step is the model evaluation, which is done to
measure the accuracy or number of errors that occur in the
random forest model of classification. In this study, we used
accuracy, precision, recall, and the fl-score. As for the
performance of the experiment with the Random Forest
model, which has the highest accuracy concerns on each tree,
the ratio will be measured, and the evaluation results can be
seen in Table 6.
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Table 6: Model Evaluation Results

Rasio N_Estimators Accuracy Precision Recall F1-Score
100 0,9651 0,9603 0,9718 0,9660
70;30 200 0,9620 0,9582 0,9678 0,9630
500 0,9635 0,9620 0,9668 0,9644
100 0,9584 0,9580 0,9580 0,9580
80,20 200 0,96 0,9567 0,9627 0,9597
500 0,9623 0,9583 0,9658 0,9621
100 0,9630 0,9573 0,9691 0,9631
90;10 200 0,96 0,9598 0,9598 0,9598
500 0,9646 0,9602 0,9691 0,9646

Buepun-Buepun 1Bunpuijig e3diD yeH

Stunting

‘nery eysng NN Jelem BueA uebuijuaday ueyibniaw yepn uednnbuad 'q
Normal

Stunting

Confusion Matrix

Predicted labels

- 600

- 400

- 200

Normal

@ad ‘Yeiw efiey uesiinuad ‘veijauad ‘ueyipipuad uebunuaday ymun eAuey uednnbuad ‘e
@aﬂuem uep ugywniuesuaw eduey Ul siny BAIRY ynunes neje uelbegas dynbusw Buele|iq |
True labels

fob]
wn
@D

e above-table, the ratio (70:30) with n_estimators
100,5 max_depth = 13, min_samples_split and
gnin_s;%nﬁles_leaf =-20 has an accuracy of 0.9651 with a
%brecis%ongbf 0,9603;recall of 0.9718, and F1-score of 0.9660.
Swhereas @r the ratios (80; 20) with a number of N_estimators
5 500, max_deepth = 13, and min_sample_splicit and
amine Samples_leaf== 20, the accuracy is 0,9623 with a
precedence of 0.9583, the recall is 0,9658, and the F1 score
“is 0.9621.
%Mean@hile, Fig 5 shows the performance of a classification
cmodefin detecting stunting cases. Based on this figure, the
ZArue peésitive (TP) shows that the number of stunting cases
géctuaffy identified as stunting by the model is 914. For the
Yfalse fﬁositive (FP),.'the model evaluation shows that the
umbgr of cases is-actually normal, but there is an error in
identifying stunting“with the number of cases being 40. For
“false megative (FN), the number of stunting cases that were
predicted to be normal but were identified as stunting was 28.
And f8r true negative (TN), the number of normal cases that
were ffuly identified-as normal by the model was 968.

nyag, Weep 1ul siiny eAsey yninjas neje ueiBeqos seAueqadwew uep ueswnwnBusw buese|iq

Discussions

This study demonstrates that using random forest algorithms
to classify stunting status on news produces excellent results.
With E‘le highest aceuracy of 0.9651 on the training data ratio

Fig 5: Confusion Matrix

and 70:30 test data, this is significantly better. This advantage
is achieved through optimum hyperparameter selection and
Random Forest's ability to handle data complexity, allowing
stunting identification with high accuracy and recall of
0.9603 and 0.9718, respectively.

The Random Forest model's high performance can help
identify children at risk of stunting more accurately, allowing
for more effective early intervention. This is important
because stunting is a problem that can have long-term effects
on children's physical and cognitive development. With this
model, health workers can be more accurately targeted in
providing treatment and nutritional interventions, so that
efforts to reduce stunting numbers can be done more
effectively.

Practically, the results of this research can be implemented in
the youth health monitoring system. Using predictive models
like Random Forest can help healthcare professionals be
more proactive in identifying children at risk of stunting so
that the necessary diagnosis can be made early. This
implementation can be enhanced by training and educating
healthcare professionals on how to use this predictive model,
as well as integration into existing health systems. Thus, this
model will not only help to reduce stunting rates, but it will
also contribute to improving the overall quality of life of
young people.
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T_hé-reseérch is expected to make a significant contribution to
= stinting;efforts and form the basis for future development of
~ machine learning-based diagnostic tools.

“Conclusions:

CBa%eaﬂ'on?thecﬁeseamh that has been done, it can be confirmed

#h% the fhnﬁom forest algorithm classification in stunting

Dcasiesﬁagd Bn news data provides good performance. After

Iemeﬂiatwn we' obtained a good accuracy result. The

e§t a@cu@cy value is 0.9651 with a data ratio of 70-30,

‘%h estimatorss= 100, max_depth = 13, min_samples_split =

ﬁ@afﬁi r@n‘%amples leaf = 20. As well as precision 0.9603,

:reé‘éll‘ja leg and F1-score 0.9660. Based on the accuracy,

aprecisions regall, and F1 scores obtained, the classification

ﬂn@e&“n%was evaluated well in classifying stunting status on

Enews Using random forest methods. This research is expected

B{O—JC@'IUEHJU& to ~future stunting reduction strategies.

QRﬁoﬁmen@tlons for further research include the addition of

=mare corﬁblex variables such as midupper arm circumference

:(I\@JEC)Tbody mass index (BMI), head circumference, and

09mAs:well the random forest algorithm is expected to add

‘featur® selection.
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