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pefuty is strongly associated with multiple nsk factors. It i1s significantly contnbuting
o an increased risk of chronic disease morbidity and mortality worldwide There are
vanous challenges to better understand the association between factors and the
occurrence of obesity The traditional regression approach himits analysis to a small
number of predictors and imposes assumptions of independence and lineanty Machine
Learning (ML) methods are an alternative that provide information with a unique approach
to the application stage of data analysis on obesity This study ams to assess the ability
of ML methods, namely Logistic Regression Classification and Regression Trees (CART)
and Nawe Bayes to identify the presence of obesity using publicly available health data
using a novel approach with sophisticated ML methods to predict obesity as an attempt
to go beyond traditional predictiogegpodels. and to compare the perform of three
different methods Meanwhile the main objective of this study is to establish a set of risk
factors for obesity in adults among the available study vanables Furthermore we address
data imbalance using Synthetic Minority Oversampling Technique (SMOTE) to predict
obesity status based on nsk factors available in the dataset This study indicates that
the Logistic Regression method shows the highest performance Nevertheless kappa
coefficients show only moderate concordance between predicted and measured cbesity
Location martal status age groups. education sweet dnrks fatty/oily foods gnlled
foods preserved foods seasoning powders soft/carbonated drinks. alcoholic dnnks
mental emotional disorders, diagnosed hypertension, physical actvty. smoking and
fruit and vegetables consumptions are significant in predicting obesity status in adults
identifying these nsk factors could inform health authorities in designing or modifying
existing policies for better controlling chronic diseases especially in relation to risk factors
associated with obesity Moreover applying ML methods on publicly available health
data such as Indonesian Basic Health Research (RISKESDAS) is a promising strategy
to fill the gap for a more robust understanding of the associations of multiple nsk factors
in predicting health outcomes

Keywords classification, Logistic Regression machine learning Naive Bayes obesity status




INTRODUCTION

Obesity 15 a major health problem strongly assouiated with
many chromc illnesses with negative effects and long term
consequences not only for the patients but also their families In
Southeast Asia, problems related to nutrition or malnutrition are
a double burden because the number of cases of malnatrition and
malnourishmentis sull relatively high and the number ot cases of
obesity has also increased sigmificantly over ime (1)

Data from the 2013 natwonal-level surve g Indonesian Basic
Health Rescarch (RISKESDAS) showed the prevalence of obesity
in Indonesia has increased over the years Obesity among adult
men was 13 9% 2007 7 8% 10 2010 and 19 7% 1n 2013 whereas
for adult women the prevalence was 14 8% 1n 2007 155% 1n
2010 and increased drastically to %1n 2013 (2) By 2018 the
same survey (RISKESDAS 2018) showed that the prevalence of
obesity n men and women had decreased shghtly to 145 and
29 3% respectively (3)

Risk factors for obesity have been studied extenswvely, and 1n
gencmlhey are divided into several categories demographic
and socio-cconomic factors (gender, age, education, income,
marttal status, and urban arcas) (4-6) Dfestyle tactors
(consumption of fast tood. stress, smoking alcoholic dnnks, and
low level of physical actvity) (6, 7) and genctic tactors (obese
parents) (4 3} Among these risk factors. some can be changed or
modificd while others cannot Idenufying modihable risk factors
for obesity at the individual and the population level 1s urgently
required 1n order to implement an effective nsk reduction
strategy Numerous studies have explored better approaches to
predicting obesity using avalable data A novel method recently
introduced to answer this question uses Machine Learming (ML)
which 1s currently one of the most popular topics in the scientific
communmty for large scale datasets

Eprdemiological data modehng using ML approaches 1s
pmmg increasingly  popular m the published scienufic
iterature These methods have the potenual to improve our
understanding of general health regarding disease distribution,
detection and the a1dentification of risk factors for health
problems and thus opportumties for intervention Various ML
methods and algonthms have been apphed to various aspects
of health data including obesity (8) In the case of obesity 1t 1s
essential to develop a prease data dassification to faclitate the
process of finding predictive risk factors from the given data 1n
efforts o control these risk tactors and eventually to decrease
morbidity and mortality linked to obesity

For the purposc of obesity prevention ML has been used
to predict the probability of obesity based on data encoding
adherence to dietary recommendations and several other factors
(9) The ML has also been applied for the prediction of obesity 1n
children usinfg@lcctronic health records before the age of 2 (10),
prediction of obesogenic environments for children (1 1) and for
the aggregation of metabolomics lipidomics, and other clinical
data to modeling drug dose responses (12)

Based on previous research. ML approaches can increase the
nsk prediction of health outcomes compared to conventional

approaches (13) Prediction of Mﬁ using ML has been
investigated by many researchers ng et al (i4) Adnan

N

et al (1) Toschke et al (16). Golino etal (17) Dugan et al
(10) Zheng and Ruggicro (18) Chatteryee ot al (19). Singh
and Tawfik (20) and Colmenarejo (21) The ML approach
provides an alternatve in providing information with a unique
approach at the apphcation stage of data analysis on obesity
which 1s important in providing a better predictive solution to
the likelthood ot obesity (22)

MATERIALS AND METHODS
Data Source

The dataset used to develop the classihcation model in this
study 1s publicly available data from an Indonesia national scale
survey with a cross sectional and non mtervention design the
RISKESDAS survey which was conducted by the Indonesian
Minustry of Health The RISKESDAS report 1s a commumty

based health survey whose indicators can be  generalized
with vanables descnbed from the national level down to the
distnct/aty level It 1s conducted every 5 years across 34
provinces and 514 distncts/aties i order to track important
ndicators of pubhic health status diseases nisk factors and to
evaluate healtheare services delivery programs. The methodology
and detatled protocols of the survey are des@bed elsewhere (3)
Brictly, the target sample for this stud ,000 houscholds
from 30,000 Census Block (CBs) in provinces and 514
distnct aneggBRoughout Indonesia. The samphing trame hs @§re
provided by the Central Bureau of Statistics {BPS) using a two

stage sampling method In stage 180.000 CBs (25%) were
selected from 720000 CBs from the national socio economic
survey (SUSENAS) as a sampling frame using a proportionate to
population size (PPS) method and stratified by prospenty level
continued by systematically selecting 30,000 CBs from 130.000
CBs priorly selfed and straufied by urban and rural for each
district or aity In the second stage, 10 households were selected
systematically using implicit stratification for the education level
of the head of household to mamtain varation of education
among households. Household members who were chgible
according to the inclusion critena were nvited to particapate in
the interview @

The dataset can be accessed by request at the Institute of
Health chand Development ot the Indonesian Ministry of
Health s./fwww litbang kemkes go.ad/layanan permintaan
data riset/)

Pre-processing Data

Data Cleaning or Filtering

The sample used in this study included all the data from the
RISKESDAS dataset for individuals aged 18 or above: n total
there was data for 634 709 respondents We conducted data
cleaming by excluding all records with incomplete or missing
values tor the vanable/teature Body Mass Index (BMI) a core
feature used to categonze obesity status The number of samples
mdluded for the analfff§ process after cleaming was 618.898
records Data cleaning was performed by using the dplyr package
of Rversion 3 5 1 to perform filtenng (23)
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Feature Selection

pr removing nussing values we proceeded to vanable or
eature selection Varwble selection 15 a process of reduang
the data dimensions to reduce processuff ume as well as
computation costs (1) We selected a subset of vanables
that contributed significantly to the target class to improve
the overall predicuve performance of the classiication using
the ChiSquare (x7) test between obesity status with each of
the vanables and including those with a pyalue < 005 All
features that met these criteria (a total of 21 teatures) were
sclected for developing the dassification model These vanables
or features were location (X1} mantal status (X2) age group
(X3) education (X4). work category (X5) sugary foods (X6)
sweet drinks (X7) salty toods (X8) fatty/oily foods (X9) grilled
foods (X10) preserved foods (X11) seasonmg powders (X12)
soft/carbonated drinks (X13) energy drinks (X14) 1nstant foods
(X15) alcohohc drinks (X16) mental emotional disorders (X17)
diagnosed hypertension (X18) physical activity (X19) smoking
(X20} and fruit and vegetables consumptions (X21) A hist of
these features and how 1t was generated from the questionnaire
(for composited and calculated feature ve, obesity fruit and
vegetables consumption physical activity and mental emotional
disorders) can be found 1 the Supplementa ble I The
process of developing a classihication model was carried out by
using the R Statistical Software version 351 (25)

Dealing With Imbalanced Datasets

Data imbalance occurs when there are one or more dasses that
dominate the whole data as mayor classes, and other classes are
rare occurrences or mmor classes Imbalanced data will produce
a good classification prediction accuracy agunst the major class,
butm I.Punur class the resulting accuracy 15 poor

The Synthetic Minonty Ovearsampling Technique (SMOTE)
was introduced by Chawla et al (26) and Chawla (27) as a
way of dealing with the effect of the lack of ntormation on
minonty classes m a data set. SMOTE 1s an algorithm with
an oversampling approach which generates artihiaial data tor
minority data classes (2%) so that the proportions of major and
minor data classes are more balanced (29} Artifical data or
synthetic data are made based on the k nearest neighbor All
attributes used m this studv were categonical teatures so that the
calculation of the distance between the minor class samples was
carned out using the Modify Value Difference Metric (MVDM)
method (+0) In this method several steps are taken namely
calculating the distance between two observations at a nominal
scale and choosing the majonty category between the minonty
class observations with 1ts k closest neighbors for a nominal
value and 1f the same value occurs 1t s chosen randomly
Furthermore, the selected value 15 a new observation In this
study the SMOTE techmque with oversampling of 200% and
300% was used which resulted 1n two new datasets

Machine Learning Classification Methods
Logistic Regression

One of the basic hnear models developed with a probabihstic
approach to dassification problems is Logistic Regression (31)
and s onc of the supervised learmng models widely used

ML Logistic Regression can be seen as a development of Linear
Regression modeds with a fogisti function for data with a target
m the form of classes (32} as follows

yx)=a (ﬁf, 4»}‘5’\‘)

where x = (x; x» xp)? 1s the D-dimensional data g =
(B1 B Aoy’ are the weight parameters, f, 1s the bas
par].unetcr and o 15 a logistic tunction that 1s shaped as 0 (a) =
; “The weights of # can be obtamned by using probabilistic
concepts For example 1f y» = yxp) and 1, € {01} are
an independent 1dentical distnbution. The jont probabilistic
or likelhood function for all the data can be expressed by
the Bernoulli distribution p (t]8) where t = (1) £ !
Therefore the Logistic Regression learming and bias (8) 1s to
maximuze p(t v ) The learmng method for determiming the
weight and buas () parameters 1s known as the maximum
likelihood method Generally the solution to the maximum
likelihood problem 1s done by mummiang the negative of the
logarithm of the hikelihood function. namely ming F (8) wherc
E(By = —lIn(ptrv f)) Logistic Regression models can usc
regularization techmques to solve the problem of overfitting
by adding the weight norm |{w|| in the error tunction namely
F(p) = %‘z@ﬁ%l + (}:;‘, {l,,lu (yn) + (1 —t)In (1 - ),,)|
where C = 015 the mverse parameter of the regulation

Simultaneous and partial parameter testing 1s pertormed
to examme the role of predictor varmblks in the model
Simultaneous parameter testing uses the G test

Classification and Regression Trees
Brauman e« al (33 oses a new algonthm tor tree
arrangement. namely  Classification and  Regression  Iree
(CART). C ART is a non parametric statistical method used
for classificaton analysis both for categonical and continuous
response variables, and for cxplanatory vanables which may
consist of nominal ordinal or continuous teatures The resulting
tree model depends on the scale of the response atnbute
CART generates a dassification tree if the response vanables
are categorical and generates a regression tree if the response
vartables are continuous (33

The tree structure in the CART method 1s obtamed through
a binary recursive paritioning algonthm aganst its explanatory
variables (31 32) The binding 1s carried out by diiding the
data sct nto subclusters called nodes The impurity value
at node t 1s a measurement of the heterogeneity level of a class
from a particular node in the classification tree The process of
forming a classification trec is carried out in three stages selecting
a dlassther determuning the final node and marking the class
label (1) In selecting the dassifier each partitoning depends
on the value that comes from only one explanatory variable
For categonical variables the partitioming that occurs comes
from all the possible parutioning based on the formation of two
subgroups that are mutually exclusive (disjomnt) In addition
m sohang dassification tree problems, the Gim Sphiting Rule
(also known as the Gini Index) s the most common rule to be
used (32) Then the partittomng evaluation 1s performed using




the goodness of sphit ¢ (s () of the s partiion at t node The
partiioning {unction is defined as decreased heterogenaty A
sort that produces a higher value 1s a better sort because it reduces
the impunity value more sigmficantly If the resulting node is of
a non homogeneous class the same procedure will be repeated
until the tree ¢ (s ¢ (s* O = max, ¢¢ (s 1) Determmation of
child nodes 15 carried out recursively by using the same method
as determiming the main node

After selecting the dassiier the end node 1s determined The
minimuim number of cases m a node 1s generally five It this is
tulfilled tree development will be stopped and conunued with
the marking of class labels Class label marking at the end node
1s carried out based on the highest number rule The process
of formuing classihication trees stops when there 1s only one
observation in each child node One of the ways to get the optimal
tree 1s by consccutivedy pruning the tree that i less timportant
In random pruning the observations are divided into two parts
namely traiming data [; and test data L» Through the praming
process arow of treesis formed from L) Next L, 1s used to form
the total proportion of misclassification (R|ts(G)) The optimal
tree that meets the criteria as R* (G") = mun R” (G )

Naive Bayesian
Nawe Bayesian classification 1s a statistical approach which
attempts to predict the probability of each class (14) The
wvantage of this Bayes grouping is that 1t has a high level of
accuracy and speed when using large data sets Naive Bayesian
grouping assumes that the values of the varables on the class
labels arc independent of other attribute values which can
facilitate the calculation (10 34)

Nave Bayesian Classification 15 achieved by applying the
Bayes rule to calculate the probability of each attribute and
predicting the class based on the highest prior probability (34)

Model Validation
The validation process m this study used k fold cross validation
(35) Cross Vahdation (CV) divides the dataset into two parts
one part is used as the traming data and the other 15 used as
testing data In this study the data were divided into 10 parts
90% of which was used as tratmung and the rest was used for
testing This process was done repeatedly a maximum of 10
tmes, until all data records were part of the testing data. This
beess 15 also known as the 10 told €V The 10-fold CV process
as been used in several previous health care and medical
related studies ()

Evaluation of Classification Performance
Measuring accuracy 1s a dragnostic step to test the level of
performance of an algorithm against the dataset used A matnx
known as the confusion matrix, 1s used to evaluate the learmng
algorithm (37) Each column in the matrix shows the number
of observations 1n the predicted class The rows in the matnix
represent the actual number of observations in the class

In ML, the term metric refers to a value that can be
used to represent the performance of the resulting model In
classification modeling the model output 1s a label/class There
are several metrics that are commonly used namely accuracy

TABLE 1 | General descriton of cbestty data fom haonesan RISKESDAS 2018

Variables
Ovesty statss V)
Locaton X1

Matal staws X2

Age groups X3

Bducaton (X4}

Wtk types (X5;

Sugary foods (X6

Sweet amiks (X7

Saty tooas (X8

Categories

Non obese

Obese

Urban

Rural

Not marries

Mariied

Dwvoroed

Widowea

18-24 years

26-29 yoars

3034 years

35~39 years

& 44 years

4548 yeay

50-54 yoars

55-59 years

GO-64 yoars

<04 yeare

NotNewe: schooled

Not inshed basc

school

Frn.shed basse sahoot

Faushed Junedy High

Schoot

Frushed Senkx High

Schoot

Finished

Academy Cobege

Frished bgha

educaton

Not workewg

Schoot

Government engloyas

Prvate empioyee

Entreprencaur

Farmer

Fshetman

Daly waged abors

Oters

-t me per Gay
trne per oy

3-8 tmes per week

1-2 tmes per week
3 bmes e month

Never

=1 e per day

1 e par Gty

3-6 tavies per week

1-2 mes per wessk

< 3 times per month

Never

e Doy dlay

Frequency Percentage

350 985

84 792 1370

472,269 76 3%

14,333 232
768
11.23
9.78

70 503

£8.618

49 632

35 47

54 766 885

40 861 £ 8

84 637 13.68
25 43
16 87

170.248 27 51

20,005 323

41 323 668
2779
108
448
809
14 71
26 34

g2
t2HTH4

138,685




TABLE 1| Contnuen

Variables

FattyOdy foods XS

Grilled foods (X10)

Preserveg foods X 1}

Seasonngs powiers
X1}

Soft/Carbonatedt drnks
x13)

Enegy dnnks X14)

natant foods X15)

Alconche dnnks (X16)

Categories
iy oy
-6 18nes ey week
1-2 lmes per week
3 mes per conth
Nevear
-1 BIne per day
1 time per day
3-6 tmes pee weex
1-2 tmes pér week
3 Brvers per month
MNewver

T Bme Der Gay

1 wp)er (hay
-6 Tenes per week

-2 times per week
-3 Wres per month
Nevex

! bme per day
1 teve ey day
3-6 tames per week
1-2 tames per week

v per month
Never

1 e per day

1~ 1INES DEC week
12 Trnes per waek
<3 Gmnes pes month
Nesvey

-1 e per day

1 tive e Gay
3-b times per week
1-2 tenas i weak

3 trnas per anonth

Newver
t Bne pey day
1t sy

3-6 teves per week

-2 tines per week

« 3 Bmes par nonth

Never

~1 B P day

1 b e day

3-8 times par week

1-2 times par week
3 times per month

Never

Yes.

No

63 967

161 356

446798
3854

761

Conterad

TABLE 1 | Contnuad

Variables Categories Frequency Percentage
Mental emotonal Yes 61 092 987
dsonders X7
No 557806
Dagnosed Yes 55 640
‘ypestension X1 8)
No 315487 5597
Unksiown 40 04
Phyaical actvty (X' 9y Adequate 11.9¢

Not adequate
Snokng (X20) Yes
No
Adequate

Frut and vegetaties
consumpboos (X2 1)

95 26

Not adequate

preasion. sensiivity  specificity  recall F1 score Kappa,
Fy In terms of the confusion matnyx, accuracy 1s the ratio
of the number of diagonal elements to the total number of
matnix elements The accuracy of the method 15 only considered
adequate when the companson of the actual number of data
labels 1s nearly wdentucal with the confusion matnx If the
comparison 15 mmbalanced then other metrics can be used
Precision 1s an appropriate metne when talse positives are to
be avorded Sensivity can be mterpreted as the degree of
rehiability of the model to detect data labeled positive correctly
Sensitivity 1s an appropriate metric when false negatives are to be
avoided (high nisk) Speatiaty s the degree of model reliability
for detecting data labeled negative correctly This metric 1s
closely related to sensitvaty This metric 1s appropriate when
the true negative rate 1s to be maximized To mummize both
(false positive and false negative) outcomes at the same time
preasion ?J sensitivity need to be summanzed by using the
Fl score. Recall 1s a valid choice of evaluaion metric when
we want to captff§ as many positives (obese) as possible
In this study, we want to be sure that the sample we catch
15 obese (precision) and we also want to capture as many
obese (redEl) as possible The F1 score manages this trade off
However main problem with the F1 score is that it gives
equal waght to preasion and recall Sometimes we may need
to mnclude domain knowledge in our evaluations where we waif}
more recall or more preasion. To solve this, we can create a
weighted F1 metrnic where beta (8) sets the balance between
precision and recall This s called Fg In this study we used
f = 05 to measure more weight on preasion and less waght
on recall

Kappa 1s used to test the mter rehabihty Kappa values range
from 0 0 which can be divided into several classthcations,
namely 20 (slight) 021-040 (fair), 041-0.60 (moderate),
0.61-0 80 (substantial) and 0811 0 (perfect) (33)

The Area Under ROC Curve also known as AUC has a range
between 05 (50%) and 1 (100%) The mterpretation of AUC
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TABLE 3 | Evatuation of C@sstication predction performance with 10 fokd CV basen on the obesty tet aata ueng 3ML methods

ML methods

CART ' Foid 8272 a0 10
2 Foid 82.72
+Foid 8275
4 Forg 8272
¢ 82.70
083 82.72
70 81 8270 680 2
82.70 oD 12
B 8272 60 09
8271 &0 0
Nave-Bayes 72113
2 Fold 71 46 7208
3 Fatd 71 46 o
4 Fola 7147 7210 70 90
S-Fold 71 4F 72 70 86
6 Fold Y 3 088
Folc 70 88
46 2.10 70 88
1.45 0 87
7148 7212 70.8
Logiste Regression 72.23 7352 71.07
22 346 7110
7223 71.06
7224 7100
5 Folg 72.20 71.05
6-Foia 72.24 7107
Fold 7223 71.08
B Foad 7222 71.06
G- Fald 72.24 71 08
10-Fola 7352

Bod vaves shows 1wl 10ect does the ML methoss parkymed bect

values can be classthe@Rto hve different sections. namely 05~
0.6 (false accuracy), 06-07 (poor accuracy) 07-08 (moderate
accuracy) 0.8-09 (high accuracy) and 09-1 (very high level of
accuracy) (39)

RESULTS

Anoverview of the explanatory variables contaimed in the obesity

of the Indonesia RISKESDAS 2018 survey 1s given

1 Ascan be seen from Table 1 outof 618 898 respondents,
there are 134709 (21 77%) people who are dassihed as obese,
484 189 (78 23%) people are non obese In Tablel 1t can
also be seen that the number of obese (21 77%) and non
obese classes (78 23%) scems imbalanced Based on Table 1
the respondents i this study Iived n rural areas (56 71%)
marrned (76 31%) aged 35-39 years (1253%) finished semor
high school (25 43%) unemployed (27 79%) consumed sugary
foods 1-2 umes per week (28 63%) drank sweet drinks one

ume per day (3157%) consumed salty toods 1-2 times per

Test Accuracy (%)  Sensitivity (%)  Specificity (%) Precision (%) F1 Score (%) Kappa (%) AUC (%) F, ... (%)

69.68
€59 81

69 650

7027

7032

7031
69.51 71.44 7977 7027
69.55 7149 79.80 7031
69.56 7148 7978 7032
69.54 71.48 7978 7030
69.55 7148 79.81 70.31
69.54 7148 7979 7030

week (27 54%) consumed fatty/oily foods 1-2 times per week

(26 61%), consumed grilled foods morc than 3 times per
month (3268%) never consumed preserved foods (56 70%)
consumed scasoning powders less that one time per day
(36 74%) never drank soft/carbonated drinks (72 19%). never
drank ¢nergy drinks (81 58%) expenenced no mental emotional
disorders (90 13%) consumed nstant foods 1-2 times per
week (35.57%) drank non-alcoholic dninks (95 11%) diagnosed
with no hypertension (50 97%) not adequate physical activity
(88.09%) not a smoker (62 30%) and consumed 1nadequate
frat and vegetables (9526%) This general descnpuon of
the obesity data can be seen i detail in Table 1 Moreover
the obestty status description can be seen in detal in the
Supplementary Table 2

To overcome the oversampling of the prediction of this
obesity status classification due to class imbalance m the dataset
(Table 1) the SMOTE techmque was used In thus study the
SMOTE technique used two different percentages namely 200%
and 300% SMOTE with 300% can improve minor class data
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better (from 21 77% 1n the onginal dataset, to 47 3%) As a result
the comparison between major class (non obese ) and nmunor class
(obese) 1s balanced, namely 47 3% and 52 7% respectively The

risk factors

Sung 20

new dataset resulting from the SMOTE technique with 300% was
used to build a classification model and prediction of obesity
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FGURE 3| AUC perfermance on the classficaton method wih the 10-fold CV using the Logetc Regresson mathod

Using the three models (Logistic Regression model CART
and Nane Bayes) 10 fold CV was carmed out to tran and sce
which model pertormed better in predicting test set points on all
data (Tables 2 3) This 15 also to ensure that all these new data
resulting from the SMOTE techmque are not bias in the result

The predicion performance for the classification of obesity
status from these methods 1s also assessed based on accuracy
sensitmaty specifiaty precision recall, I score Kappa and Fy
The measurement results of these metrics based offflie 10-fold
CV using ML methods for the obesity data set can be seen
mn ? 3 Based on Table 3 the classification prediction using
the Logistic Regression mcthod achieves the best performance
based on the accuracy metnic (72%) speafiaty (71%) preasion
{69%) Kappa (44%) and Fg (70%) Classification prediction by
the CART mcthod achieves the highest sensitivity (82%) and the

highest F1 score (72%)
Figures 1-3 show AUC ormance of U respective
The results show

classthcation methods with 10 fold CV
that the Logistic Regression classifier has the highest average
AUC values (0798) (Figure 3) In additon to companng the
AUC values obtaned the accuracy sensiuvity  specifiaty
preasion  F1 Score and [y values of each method can
also be considered  The AUC s a dassificanon  threshold
mvariant  metnc  that  measures  the  predicive  quality
of a mode regardless of which classification  threshold
15 selected

After calculating the classification performance for correctly
determuning the obesity status for each of the 3 different models,
1t 1y also necessary Lo estmate a set of nisk factors for obesity
among the available study vanables Based on the evaluation

of classification prediction pertormance the Logistic Regression
method had the better performance compared with the CAR1
method and the Naive Bayes method Overall fold 6 out of
10 fold €V showed the best accuracy for the dassification
performance of the obesity status Partial testing of parameters of
the Logistic Regression model using the Wald test showed that all
explanatory variables quality as factors that can affect the obesity
status (Table 4) From Table 4 the variables that have the greatest
effect on the obesity status in adults {p value < 005) included
location (X1) marital status (X2), age groups (X3) education
(X4), sweet drinks (X7) fatty/otly foods (X9) gnlled foods (X10)
preserved toods (X11) seasoning powders (X12) soft/carbonated
drinks (X 13) alcoholic drinks (X16) mental emotional disorders
(X17) diagnosed hypertension (X18) physical activity (X19)
smoking (X20) and fruit and vegetables consumptions (X21)

In addition to the Logistic Regression method prediction of
obesity dassification also used CART and Naive Baves methods
From Figure4 1 can be seen that the charactenstcs of the
varables that mfluence the occurrence ot obesity in the Indonesia
RISKESDAS 2018 are significant varables that function as the
main partitioning of all the trees produced In this case the main
partitioning variables for 10% test data with fold 6 out of the
10-fold CV are alcohohic dnnks (X16) The order of mportant
variables i this CART model are alcoholic dnnks (X16)
energy drinks (X14) soft/carbonated drinks (X13) mental
emotional disorders (X17). fruit and vegetables consumptions
(X21) diagnosed hypertension (X18), physical activity (X19) and
marital status (X2)

Obesuty prediction using the Naive Bayes model was also done
by looking for values of P (C,) for the obese class and P ((,)tor




TABLE 4 | Estimation of the Logite Regression parmeterns based on okl 6 odt of the  Ofoia CV for stesty datasat i hdonesan RISKESDAS 2018 survey

Descriptive of variables Fold 6 out of 10-fold CV Test
p SE Wald p-Value Odd Ratio
Constant €510 0048 142754 0000 871 978
Location () Rurai 0305 0005 59121 Q.737
Martal status X2, Marned 0.383 2007 50.033 0695
Dworond 27 0015 18 000 1341
werd 0289 0.012 24 963 1.335
Age groups (X3 28 yoars 0488 0 MO 46 674 1 630
30-34 years 0560 0.011 52.6/9 1750
35-39 years 3680 0011 64 375 1976
40~44 years 0748 0.0 69.255 2110
4549 yews 0741 001 67 743 2007
BO-54 years 05493 0012 36 783 o000 173t
56~59 years 0333 c.;3 26 348 Q000 3 396
BO-E4 yesars 0304 00! 21 850 GOne 1358
PONS 0457 C 014 32 580 0000 0633
Education (Xa) finushed vasc schoo! 0313 0.013 24 156 0000 1.367
Finished bas.c sohool 036 0012 20692 0000 1435
Fiushed Junior High School 0456 0013 35.808 0000 1.877
Finished Senior High School 0489 0.012 38083 0000 1598
Firished Academy Colege 0602 0018 28 496 0000 1.6682
Finishid regher educatun G508 u.G18 33 432 2000 1 659
Work types (X5 Schoot 0.356 0018 19850 2.000 0700
Gowtn nent srnpioyee 197 0u13 15.224 Q000 1218
Prvate enpioyee -0 17 ~ 12055 Go00 0 BRg
Entrepreneur ¢ 089 0 008 8797 0000 1072
Farmer (3548 C o7 74000 0000 QE78
Faherman -0 838 0024 15437 0000 0432
Dty wagad abors G389 0010 39463 2000 0678
s o010 0.010 0987 0324 1.010
Sugary fooos (X6} 1 bres par day 0135 0 00% 15006 G000 0.874
Der week 0141 0009 15.838 0000 0 869
1-2 UMEs (e weaek 4158 008 18.457 8000 0 854
3 times par month c013 C.01 1189 0234 1.013
Newver 010 c04 7.308 ¢ 000 0904
Swedt drnks (X7} 1 tras per Gay 0004 ¢ 007 12815 0000 089
3-6 times per week 0148 0008 17 454 00 1159
1-2 ines e week 0189 0008 22.736 Q000 1.208
« 3 times per month 0313 0012 26.572 G000 1368
Nesr 0287 0013 23 106 0.00C 1.346
Salty foods (KB 1 times e day o070 0010 G824 Q00C 1073
3—6“&(” N Go77 Q00 1773 G000 0628
1-2 times per wesk 0113 009 -12.268 000 0 833
<3 tmes per month 0056 0010 5640 2000 0 Qb
Newer oG 0.010 1.568 o7 0984
Fatty/Ody toods X% 1 times per tay 0092 0009 10707 Q000 o913
3-6 times per week C 158 0008 19229 0000 0854
1-2 et per week 0165 00 20722 €000 0848
3 tmes per month G1 001 18 937 Q000 0832
Never 0495 2014 ~ 35457 a 0 609
Grilled foods (X10) T Hmes o day 0184 0019 -9 749 Q000 0832
3-6 times per week 0311 0018 18881 S 000 04733
1Contmued}
F s 1 Mulitiaon W 10 Y% Y L




TABLE 4 | Contnuen

Descriptive of vaniables

B SE Wald p-Value Odd Ratio
‘-29?5 DEF wesK G419 26825 0 658
3 Wnes per montn 27880 Q.65
Newer -~ 452 28897 0000 0636
Prasened {008 (X1 1) 1 s e iy (465 18 F74 G000 U628
3 -6 times per weok Q574

12 W Der wedk
-3 tmes par month

Newver

Seasonngs poveders (X 12 1 kmes per Qay
3-Ces Do week
1-2 fenes per ween
3 nmes per nonth
Newt
Sof Catraateo drnke (X 3 1 Nevwed e (g
36 tmes par Wk
-2 tyvves Do wek
3 times pac month
Never
Energy onmks (X14) ! tnes per cay
DR Weh,

)
1-2 tangs par week

A timers per mnth

News

Instant foods (X154, 1 times per cay
3~ times per week
1-~2 1mes per week
<3 times par month
Newer

A ohobe drinks (X16) N¢

Mental emctional disorders (X17) No

Dugcsad hypertanson (X118} No
Uniawown

Phwscat actvaty O3 NOt adecuate

Smoking X20 M

Frot and vegetabdas consumptions (X21) Not agecuate

the non obese class In this case, the value of 1 = 1 and the value
of j = 2 The probability value for each vanable on the class label
15 presented in detal in the Supplementary Table 3

DISCUSSION

We have conducted a study to establish a set of risk factors
tor obesity 1 adults among the available study vanables using
ML methods using pubhcly avalable data on RISKESDAS
(RISKESDAS 2018) In thus study three methods (Logistic
Regression CART and Nawve Bayes) were used in the ML
approach to selcct a method that produces predictions with hugh
wcuracy The result revealed that the Logistic Regression method
shows a better accuracy compared to the other methods with

27534 XX C
010 o019 0512 0609 100
2017 2787 O Ol 1049

0420
5660
c 007 0 427
218 0.00 1244
-1.248 0008 0.287
AUC = 0798 using 21 varables namely location (X1) marital

status (X2) age groups (X3) education (X4) work types (X5)
sugary foods (X6) sweet drinks (X7} fatty/oily foods (X9) gnlled
toods (X10), preserved foods (X11) seasoning powders (X12)
soft/carbonated drinks (X13) energy drninks (X14) instant foods
{X15) alcoholic drinks (X16) mental emotional disorders (X17)
diagnosed hypertension (X18) physical activity (X19) smoking
(X20) and fruit and vegetables consumptions (\21)

With the accelerated economic growth and fistyle changes
around the world mcluding n Indonesia b 15 important
to evaluate and build predictive models for obesity using
common nisk factors Based on RISKESDAS 2013 and 2018
Indonesia as a middle income country seems to underestmate
the significance of actual obesity cases even though there has
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been a significant xxur:‘a‘@ cases. As shown in this study,
the 21 selected measures play a prominent role i increasing
the risk for obesity 1in adults This 1s i parallel with some
previous studies In thear study Roemhing and Qaum (4) found
that obesity risk i Indonesia occurred both in rural and
urban areas and was closely associated with food consumption
pattern changes coupled with physical §fity decreases Rachm
et al () showed that the mcreasing prevalence of overweight
children adolescents and adults in Indonesia over the past
two decades concdes with higher numbers of obesity in urban
arcas Smilarly Oddo et al (0) demonstrated that there were
more obesity cases 1n rural areas compared to the past even
though the overall case numbers are still higher m urban areas
in Indonesia They also showed that highly processed foods
are mostly consumed and decreased physical activities have
E to the lugher prevalence of obesity Dewr et al (7) found

t the consumption of oil an@ht ammal source foods and
low physwcal activities are some of the sigmificant determmants
of obesity in Indonesia Emery et al (40) revealed that there

was a relationship between less healthy tood consumption with
obesity Sinha and Jastreboff (41) tound that eating habats
and the increased consumption of tood result from stress
Koskt and Naukkarinen (42) strengthened the fact that the
development (ﬁbesﬂ} 1s signtficantly due to persistent stress.
The ditference W confounding factors E§olved i the analysis 15
one of the reasons for the differences tound m thes study with
previous studies

In this study we employed the metrics for accuracy
sensitvity  specificty. preaston. recall F1 score kappa and
Fg with 10-told CV tor performance evaluation of the three
classification methods The results obtained are the prediction of
the classification with 10 fold CV using the Logistic Regression
method which achieved the best performance as assessed by the
accuracy metne (72%) speaficity (71%) preasion (69%) kappa
(44%) and Fy 4= (70%) Classihcation prediction by the CART
method achieved the highest sensitivity (82%) and F1 score
(72%) The Nawe Baves method had an accuracy of 71% and a
F{g.,() 2 0f 69%,




In general this ML approach 1s an alternative tuw classical
methods used so far (22} Using ML methods on public health
data can help to improve predictions and find a nich structure
among available data and increase understanding of complex
problems in public health including nsk factors for obesity
with ML The MI method could inform the design of more
appropriate health pohiaes and programs to address Non
Commumcable Diseases, most notably in predicting obesity
madence/prevalence and in turn reduang seventy as well
as the cost of treating obesity and obesity related condition
which eventually could improve the health and well being of the
population Apart from that the ML method as shown m the
current study could be utihized to 1dentty the most signihicant
nisk factors for predicting obesity status can be apphied to publhicly
available data such as RISKESDAS data

In general RISKESDAS provides an overview of Indonesian
health indicators such as health status, health services, health
behavior and covironmental health RISKESDAS 15 supposedly
the best data available on health in Indonesia but s mamn
limitation 1s the fact that the purpose and naturc of RISKESDAS
are based on a periwodic study (every 5 years) examining a broad
range of health 1ssues and health behaviors This then results in a
data sct that lacks depth

In Indonesia policies on obesity prevention and control 1n
adults are related to limiting consumption of fats and oils. sugary
foods and carbohydrates and mcreasing vegetable intake are
carrted out through the Health (nmmumlyumemcm known
as GERMAS and the Food Label with the inclusion of sugar,
salt, and fat content on [@pd labels (") Yet these efforts seem
to be meffective as the increase in the proportion of obesity
remains relatively hugh The findings of this study 1n predicting
the risk factor for obesity among the available study variables
on RISKESDAS 2018 can then convince the policy makers in
Indonesta (primariy the government) to put more attention
mto the pressing obesity problems. As a result the effectiveness
of existing program policies could be turther mproved and
the finanang of the health care system can be made more
ethcient (43)

T'his study provides an overview of the methods available tor
predicting nisk factors for olg:y m adults among the available
study vartables in Indonesia Several factors that maght mfluence
obesity@i ¢ scx  dietary quality chimcal and physiological
wealth lneuc and cultural mfluences) were not included n this
study and thereby the relationship between these factors and
obesity cannot be explamned further Further rescarch needs to
be carned out using large data@@ with individual subjects to
confirm the results ot this study and to descnbe the vanation in
the results for individual regions

CONCLUSION

The Logistic Regression method showed better results on
the accuracy speufiaty preasion kappa and Fg metncs.
Meanwhile the CART method showed better results on the
sensitvity recall and Fi score For the 10 fold CV, the Logistic
Regression method had the highest AUC performance which was
0798 Then from the Logistic Regression method. it can also
be seen that the vanables that affect the prediction of obesity

13

status n adults are location. mantal status, age groups, education
sweet dnnks fatty/oily toods gnlled foods, prescrved foods
scasoming powders. soft/carbonated dninks. alcoholic drinks
mental emotonal disorders, diagnosed hypertension physical
activity smoking and fruit and vegetables consumptions The
constructed obesity classification model can evaluate and predict
the nsk ot obesity using ML methods for the population ot
Indonesia which can then be applicd to publicly avatlable open
data such as the RISKESDAS survey data. In general this study
has been able to establish a set of risk factors for obesity i adults
among EL available study vanables. However more studics
should be done to further improve the quality of predictions
by exploring other ML models In the future work, we will
validate the results with other relevant groups. Additionally
we will also evaluate differences in the prediction of obesity
status at the district/cty or provinee level m Indonesia with
regional disaggregation
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