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Abstract Obcesity 15 a pathological condition due to the accumuiation of excessive fat needed
for body functions The risk factors for obesity are related to their obesty status  Various
machme learning approaches are an alternative i predicting obesity status. However m most
cases the available datasets are not sufficiently balanced 1n thewr data classes The existence of
data imbalances can cause the prediction results to be maccurate The purpose of this paper s to
overcome the problem of data class imbalance and predict obesity status using the 2013
Indonesian  Basic Health Rescarch (RISKESDAS) data  Adaptive  Synthetic  Nomunal
(ADASYN N) can be used to balance obesity status data. The balanced obesity status data 1s
then predicted using one of the machine kearning approaches namely Random Forest The results
obtained show that through ADASYN-N with a balance level parameter of 1 (= 100%) after
synthetic data generation and Random Forest with a tree number of 200 and mvolving 7 vanables
as nisk factors giving the results of the classification of obesity status which s good This can
be seen from the AUC value of 84 41%

1 Introduction

Obesity 1s an imbalance 1n the amount of food intake compared to energy expenditure made by the body
£} The World Health Organization (WHO) declares obesity as a global epidemic with a prevalence of
more than | §lion adults who are overweight and up to 300 million are chnically obese [2] The
prevalence of obesity i developed countries ra§s from 2 4% mn South Korea to 32.2% n the United
States while 1n developing countries 1t ranges from 2 4% 1n Indonesia to 35 6% n Saudi Arabia 3]
Therefore a modcl is needed to determine a person's obesity status

Along with the development of computing technology and machme leaming (ML) algonthms 1t has
imphcated for the rapid development of technology 1n vanous ficlds imcluding the field of biogenetic
research Machine Learning (ML) technology utilizes computers to perform the learning process from
data and generate predictions Decision tree (DT) 1s one of the methods in ML that 1s able to extract
information from data sets into mtwtive and easy-to-understand knowledge [4]

An ¢nsemblc 1s a way to overcome Decision Tree Constraints in the availability of trumng data with
weak predictive values In this ensemble method . several classifiers or prediction models are built with
leaming algorithms In another study 1t was concluded that classification and prediction with well-
handled ensemble algorithms can generally produce higher accuracy and stability than using one
algonthm alone [S] Two common ways to do the ensemble method are boosting and bagging
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Combining many estimated values into one estimated value can be done by applying the concept of
ensemble with bagging One method of DT with bagging that can be used 18 Random Forest (RF) In
this RF method a random candidate predictor in each tree 1s used for the traiming process Furthermore
after the traming process the most class labels are selected from the results of the entire tree formed 6]
Howcever in the case of classification. sometimes there 1s an imbalance problem m the data where the
mformation in one class 1s not comparable or less (minonty data) from the other class (majority data)
The £Japtive Synthetic (ADASYN) method 1s one of technique to deal with problems §ith imbalanced
data. ADASYN i1s a method for sampling approach that uses data distnbution weights i mimonty classes
based on the level of learning difficulty so that synthesis data generated from mnority classes has a
higher level of leaming difficulty compared to mmonty data itself [7] Therefore m this study we will
combine ADASYN-N and Random Forest in predicting obesity status in Indonesia using the 2013
Indonesian Basic Health Research data

a
2 Material and methods
21 Data source
The data used n this study 1s secondary data namely Indonesian obesity data from the 2013 Indonestan
Basic Health Research survey The type of vanables used in this study arc nominal and ordinal types
Variables with nominal type consist of obesity status (X1) gender (X2). age (X3), smoking (X4)
strenuous activity (X4) moderate activity (X5). frnt consumption (X6) vegetables consumption (X7)
sweet foods (X8) salty foods (X9) fatty foods (X10) and stress (X 11) The proportion of tramning data
used 1n obesity data 1s 80% (564 101) consisting of 28 677 obesity class data and 535 424 non obese
class data Then the proportion of test data used was 20% (140 876) consisting of 70 438 obesity class
data and 70 438 non obese class data

22 Filtering and imbalanced data
Filtening 1s the process of sclecting a subset of available data for analysis purposes The amount of data
usually causes an unknown value Filtering is done to select data that has a meanmngful value or select
data according to ndfls

Data imbalance 15 a condition wife the distribution of data classes i1s not balanced, namely the
number of data classes that dominates more than the number of other data classes Generally imbalanced
data will resuit in poor classification prediction accuracy n the mmority class It 1s difficult to get a
good and meaningful predictive model for minor classes due to insufficient information [8]

23 Adapuve synthetic
Adaptive Synthetic (ADASYN) 15 8 approach method for sampling in the case of unbalanced data [7]
The use of distnbution weights 1in minority classes based on the level of difficulty of understanding 15
the main idca of ADASYN Through ADSYN  synthesis data from minonity classes can be generated
which is easier to understand ADASYN can improve data understanding in minonty classes by reducing
bias caused by class imbalance and shifung classification decision boundaries to adaptive data
difficulties

Adaptive Synthetic Nominal (ADASYN-N) 15 an improved form of ADASYN which is only for
numenc data [9] In this study we used categorical variables Therefore the Modified Value Difference
Metnic (MVDM) techmque is used to caiculate the distance between the minor class samples [10]

24 Random forest

In Random Forest (RF). scveral classification methods are combined . known as the ensemble method
This ensemble method aims to improve accuracy [6] The basic method of data mining from RF 1s a
decision tree In this decision tree the bottom (leaf) serves to determine what class the data belongs to
and the top (root) 1s the place to enter the mput. Then RE performs a classification in the form of a
structured collection of tree classifiers in which each tree defines a class then selects the most popular
class [11]
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Random Forest Algornthm tor classification [12] as follow
Input
1 Data D with n sample {X ,v} t=1 _n,where nis the total number of samples. X, »sa
sample on the dumsmn il feature space py, €Y ={1 —1} 1s the identity class label bound to
X, and p 1s the number of features in the dagey

2 Determinc the values of B and m_ where B is the number of trees and m is the number of
variables that will be randomly selected when creating the trec
Proceduff§.
I For 2=l untl B

4 Random sampling bootstrap Z e D with size n from traiming data

b Make a tree 7, from the bootstrap samplc data by performing the steps below
recursively for each node of the tree, until at lcast the mimmum node size 1s reached or
until the data can be no longer be divided

¢ Choose m variable randomly

d  Take the variable with the best partition among m variables

¢ Specifies the end node

2 Output of Random Forest model is {7, };' , where {7, }’ is a collection of trees that have
been built starting from the first iree to B trees

25 Classtficanon performance

The evaluation matrix has an important role in ML One of the matrices used in evaluating machme
leaming algonthms is the confusion matrix In this matrix the number of observatons n the prediction
class 1s expressed in columns Meanwhile the actual number of obscrvations n class s expressed n
rows [13] The way to evaluate the classification results based on the value n the confusion matrnx 1s to
calculate the values of accuracy sensitivity and specificity  Accuracy describes the level of accuracy
of the classification as a whole Sensitivity describes the accuracy of the data in the class while the
specificity describes the accuracy in the class The Area Under Curve (AUC) valfrange 1s between 0.5
to | The value range 1s classified into five parts namely ncorrect accuracy (0 5-0 6) weak accuracy
(0.6-07) medium accuracy (0 7-0 8) high accuracy ( 0.8-09) and very high accuracy (0 9-10) [13-14]

3 Result

The Out-of Bag (OOB) error value for each Random Forest model can be seen in Figure | The optimal
of trees (B) and variable (m) are B0 classification trees with | random vartable selection v the
smallest error value (5.06%) The confusion matrix of the Random Forest model in Table 1 15 used to
calculate the performance of the model The perfoffance of this model can be described in Table 2 The
ROC and AUC curves can be scen in Figure 2 From Table 2 it can be seen that the AUC value 15
50.60% indicating that the accuracy of the model 1s not good, moreover the sensitivity 1s very small
This causes the prediction of the model only leads to the major (non-obese) class because the

mformation from the minor (obese) class is very little so that it tends to be ignored (considered as noise)
Out of Bag Error

Rardors Foeat wihout ADASYN

- — /, - 50 Troen

of Bag Emor
5

3 7

Seincted Random Variable

Figare 1. OOB of random forest model
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Table 1 Confusion matrix model random forest model for obesity data

it __ Predicted
Ubese Non-obese
Obese S 70 433
__Nonobese 0 70438

Table 2 Performance of the random forest without ADASYN-N model

Metr Performance value
Accuracy 50 00%
Sensitivity 000%
Specificity 100 00%
AuC 50 60%

Recewver Operatng Charactenstc Curve (ROC Curve;
Asge Unoe: ihe ROC Curve -~ 5 8%

Tom Posvoe Rawe
2N

f wso Forane Koo

Figure 2. ROC dan AUC of random forest model for obesity data

Table 3. Proportion of data on the combination of random forest and ADASYN-N with f =25%
Obesity States ~ WHHOULADASYN'N oy ADASYN-N (%)

(%)

Obese 99 115(14.05) 225 802 (27 15)
Non obese 605 862 (85 95) 605 862 (72 85)
O Joaa (o BILE6AI0000)

In the combmation of Random Forest and ADASYN models with = 25%, synthetic data was
generated by 25% from the difference between minor data (obesity ) and major data (non-obesity), which
15 126 687 This new data 1s added to the onginal data so that the total data 1s 83 1,664 (Table 3)

The total data synthesized by the ADASYN-N technique 1n the training data used 15 80% (664 Y86)
consisting of 142 463 obesity class and 522523 non-obese class Then the proportion of test data used
was 20% (166 678), consisting of 83,339 obesity class and 83 339 non-obese class. The OOB error value
for each Random Forest model can be seen i Figure 3a The optimal of trees (B) and variable (m) are
200 classification trees with 7 random variables selected with the smallest error value of 18 58% The
value of the confusion matrix from the combination of Random Forest and ADASYN N models with
B=25% can be seen in Table 4 Based on Table 5 ADASYN N with #=25% improves classification
performance This 1s 1n line with the ROC and AUC curves in Figure 4a
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Figure 3 OOB of the combination of random torest and ADASYN N models with
different B parameter values (a) B = 25% (b) B = 50%, (c) = 75%. and (d) B = 100%

Table 4 Confusion matnix of the combination of random forest and ADASYN-N models with
ditferent B parameter values

=25% B = 50% B =75% B = 100%
A -1 l - ﬁ_ S i SR DI SISO, sl Bariivsslicior EROEE S T U SR Ly M. Lo il - SN SR = el o o O
clud gm Non- Obese Non- Obess Non- Obess  Non-
obese obese obese obese
Obese 26946 56393 58767 37159 80572 28297 100521 20384
Non-obese 4317 79022 12665 83261 19787 89082 28419 92486
Table 5 Performance of the combination of random forest and ADASYN-N models with different
. Pparametervalues
Metric B=25% B =50% B=75% P=100%
Accuracy 65 35% 74 26% 77 70% 79 89%
Scnsitivity 36 97% 61 67% T3 44% 83 16%
Specificity 93 73% 88.,39% 81 95% 76 61%
_l_\U( 71 36% 78 52% 8183% 84 419%

Furthermore the combmed Random Forest and ADASYN methods with = 50% resulted in
synthetic data gunerated by 50% of the difference between minor (obese) data and major (non-obese)
data. amounting to 253 373 This new data 1s added to the onginal data so that the total 1s 958 350 The

value of the synthetic data from the combination of the Random Forest and ADASYN methods with =
50% can be seen in Table 6
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Figure 4 ROC and AUC model for the combimation of random forest and ADASYN
N with different level of § values (a) B = 25%, (b) B = 50%. (¢) B — 75%. and

(d) B = 100%

Table 6 Proportion of data on the combination of random forest and ADASYN-N with f =50%

Obesity Status
" Obese
Non obese
Total

Without ADASYN N
R & B
99 115(14.05)
605 862 (85 95)
704 977 (100 00)

With ADASYN N (%)

605 862 (6322)
958,350 (100.00)

In this combination. the proportion of training data used 15 80% (766 499) consisting of 256 563
obesity class and 509 936 non-obese class Then  the proportion of test data used was 20% (191 .852)
consisting of 95 926 obesity class and 95 926 non-obese class The QOB error value for f= 50% for
cach Random Forest model can be scen m Figure 3b The optimal of trees and variable are 50
classification trees and 7 random vanable selections with the smallest error value of 22% Next the
confusion matrix combination of Random Forest and ADASYN-N 1s calculated with = 50% (Table 4)
Based on this confusion matrix the performance of the combination of the Random Forest and
ADASYN N models can be obtained with f= 50% (Table 5) With @ combination of Random Forest
and ADASYN N the performance classification shows better This can be seen also i the ROC graph
n Figure 4b

Furthermore the value of f was increased to 75% i the combmation of Random Forest and
ADASYN-N model Synthetic data 1s generated by 75% from the difference between minor (obese) data
and mayor (non-obese) data and 1t obtained by 380 060 and this new data 1s added to the original data
so that it 1s 1 085 037 as shown in Table 7

From Table 7 the proportion of traming data used s 80% which 15 867.299 which consists of
370.306 obesity class and 496 993 non-obese class. Then the proportion of test data used is 20% which
15 217 738 data. which consists of 108 .869 obesity class and 108 869 non-obese class The value of OOB
error at B =75% for each Random Forest model can be seen in Figure 3¢ The optimal of trees and
variables values are 200 classification trees and 7 random variable selections with the smallest error
value of 21 71% Furthermore, to obtain the performance value (Table 5) the combination model of
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Random Forest and ADASYN-N with =75% 1s calculated first by calculating the confusion matnix
(Table 4) With ADASYN N and =75% the classificaton performance 1s even better The ROC graph
shown i Figure 4¢ In the combination of Random Forest and ADASYN N methods with f= 100%
synthetic data 1s generated by 100% from the difference between minor (obese) and major (non-obese)
data The resulting synfflesis data 1s 506 747 and this new data 1s added to the original data so that 1t 1s
1.211 724 The results can be seen in Table 8

Table 7 Proportion of data on the combination of random forest and ADASYN-N with 8 =75%
Without ADASYN N With ADASYN N (%)

Obesity Status

(%)
Obcse 99 115(14 05) 479 175 (44 16)
Non-obese 605 862 (85 95) 605 862 (5584)
Towl  704977010000)  1085037(10000)

Tabie 8. Proportion of data on the combination of random foresi and ADASYN N with g =1{)%
Obesity Status With ADASYN N (%)

Without ADASYN N

S - ‘(‘;) —
Obese 99 115 (14.05) 605 862 (50.00)
Non obese 605 862 (85 95) 605 862 (50.00)
Total 704 977 (100.00) 1211724 (100 00)

Table 9 Comparison of classification performance of random forest model with ADASYN N and
Bt

 Moddd  BTree  Accuracy Sensitivity  Speaificty  AUC
100 Trees
Random Forest 50.00% 0 00% 100 00% 50 60%
I Rand Var

Random Forest with 200 Trees

& G o
ADASYN 25% 7Rand Var 65.35% 36 97% 9373%  7136%

Random Forest with 50 Trees

”)0 ‘SlY:‘J ":)(,,‘,“ il Var 74.26% 61 67% 88.39% 78.52%
Random Forest with 200 Trees

.‘\n[;"\§ Y )N 7“ zlt 7 Rand Var : i , BN LEDX

Random Forest with 200 Trees

€ (® [ A
ADASYN 100% 7Rand Var 79.89% 83 16% 76 61% 84 41%

In Table 8 the proportion of tramning data used 1s 80% which 15 969 914 which consists of 484 957
obesity class and 484 957 non-obese class The proportion of test data used was 20%  which 1s 241 810
data which consisted of 120 905 obesity class and 120 905 non-obese class The value of OOB Error in
the combination of Random Forest and ADASYN-N with = 100% for each Random Forest model can
be seen in Figure 3d. The optimal of trees and varable are 200 classification trees and 7 random vanable
selections with the smallest error value of 2024% The confusion matnx from the results of this
combination and the performance can be seen i Tables 4 and 5 With ADASYEEN and f=100% the
classificanon performance becomes better The ROC graph shown i Figure 4d From Table 9 it can be
seen tiilfithe AUC value and the sensitivity value of the Random Forest model without ADASYN-N are
lower than the combination of the Random Forest model with ADASYN-N. The highest AUC value
(84 41%) was obtained in the combmation model of Random Forest and ADASYN-N with f=100%
This shows that the performance of the combination of Random Forest and ADASYN N 1s better than
the Random Forest without ADASY N-N models (Table 9)

~




ICSMTR 2021 10P Publishing
Journal of Physics Conterence Seres 2123(2021) 012039  dor 10 1088/1742 6596:2123/1 012039

4. Conclusion

The ADASYN-N method with £ =100% can overcome the imbalance of obesity data in Indonesia This
can be seen i the level of sensitivity that continues to increase along with the increase i the value of
the ADASYN N method The combination ot ADASYN N and the Random Forest model as many as
200 classification trees with 7 vanables from obesity data that were randomly selected gave a fairly high
accuracy value (79 89%) sensitivity value of 83 16% and AUC value of 84 41%
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