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Abstract

This research aimed to develop a predicting model for the assessment of elderly’s knee
osteoarthritis incidence. The 370 personal health records were collected from the osteoarthritis
assessed from Ban Han Sub- district Health Promoting Hospital, Thasala district, Nakhon Si
Thammarat province. The data are classified into 4 classes: class 0 refers to Excellent (200 records),
class 1 refers to Good (115 records), class 2 refers to Moderate (39 records) and class 3 refers to
Poor (16 records). In medical diagnosis application, the minority class was the class of primary
interest and had a much higher misclassification than the majority class. The difference in total
number of class 0 and class 1 from class 2 and class 3 indicated that these data were imbalanced.
Thus the predicting model from these imbalanced data might limit the performance. The minority
data of class 2 and class 3 were then adjusted by using the method of oversampling through
ADASYN (adaptive synthetic sampling technique) and SMOTE (synthetic minority over-sampling
technique). Subsequently, the data were divided into training data and testing data by using 10-
fold cross validation. In addition, the multi-class imbalanced data classification algorithms; one-vs-
one and one-vs-all; were employed in conjunction with the Gentleboost. The experimental results
showed that the ADASYN and one-vs-one method achieved the best accuracy of 97.31 % on the
imbalanced data. Moreover, our proposed predicting model was also tested with another
imbalanced data from Ban Hua Ku Sub-district Health Promoting Hospital, Thasala district, Nakhon
Si Thammarat province. The data are classified into 4 classes: class 0 refers to Excellent (141
records), class 1 refers to Good (63 records), class 2 refers to Moderate (16 records) and class 3
refers to Poor (12 records). It was found that the correct classification was 85.78 %. Furthermore, it
also achieved the best performance in class 2 and class 3, especially in class 3 (Poor), the correct
classification was increased from 0 to 75 %. In conclusion, the health promotion scheme can

employ this model for diagnosis and plan the treatment for senior citizens.
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A13197 4 Uty aTRUTUAI8TS SMOTE
ey ADASYN

Aana | deyadaiu | SMOTE | ADASYN
0 200 200 200
1 115 115 115
2 39 156 161
3 16 64 192
RN 370 535 668

3.2 NISNAIUIAUUNITNEINTD
AWk UUNISNENSallae g9y
TUsASH MATLAB f9unaun1sawiunisaail 14

78n13msavasuladuuy 10 nq'u Taeldanu

a

Audnwar 7 78 lun1seil 3 Aldfinvuinye
Toyavesnanad 2 wazaanadl 3 4175 SMOTE
uaz ADASYN mmﬁuaﬁ”umﬂﬁi’fﬁ]yjaﬁw%% one-vs-
one Wy one-vs-all kag Gentleboost ﬁﬂgﬂ‘ﬁ' 1
3.3 n1157AUsEaNS ATNVBIRLUUNS
wynsal
NNSNAADUAMULNUGIVDIAILUUNIT
nensalAe38n19nsivaeuluivuy 10 ngu
iislvideyanniillonaduyaneaeuuazynaou
wagn13iaUsEans AnlagsinvesdLuung
ne NIl LAINNITAUINAIAINUYNFBY AIANNTT
fia
3.4 A15TAAINYNADIVIIAIUUUNSG
wensaifuteyassitliauna
N1INAADUAIUYNADIVBIAIUUUNTT
wonsalsndunisiuyadoyansediliannaves
a0 0Ig 811n0vAIa1 JminuATATEIIX
31% %aﬂu%gamﬂquﬂ’uﬁﬂmiﬂimﬁu%m

deuluayaduiinguamdasengiiioUseiiiusedu

1172

AnuguLssvaslsadoliudouiild Oxford knee
score 12 4o fapna1el 1 Fefidoyasaiiedu 232
1A uazwUidayaseniu 4 aand laun Aana
0 91U 141 15A0FA ARAA 1 97U 63 LsAaTA
AANE 2 91U 16 13AB3A UWazAaTA 3 F1u 12
AT wavAuANgnaedlunsving e

bUU

Original data set

(Imbalanced data)

[
l ‘ ADASYN ‘

| 10 fold cross-validation ‘

$—‘—$$—‘—$

one vs one one vs all ‘ one vs one one vs all ‘

| Gentleboost + Decision tree

!

‘ Accuracy Computation ‘

v

JUN 1 Jupaumsaiiuaide

4. NaN133Y
HaveIn1TUIveyau1Usuaunanield
SMOTE wag ADASYN wagind1g nszuiunis
Fuundeyan 1835 one-vs-one Uar one-vs-
all wag Gentleboost Lilonensalnnazlsadoinn
Fou TnswTouidioudiaugniosisd deyai
Lildusvannasiodssuundeyad viausly
UATEYDS WNENT wazieLsa [7] Toyatiny
n13USUaNAan835 SMOTE Way ADASYN uay
TUUNTe3an 1875 one-vs-one Uar one-vs-

all ez AdaboostM2 + Decision tree LLassﬁauuaﬁ
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H1uN135USUaUnan1835 SMOTE wag ADASYN

AUYNABY 1B TEUUTEANTAINVBIFINUY 619

Larduundeyasieis one-vs-one LAY onevs- P13 5

all lay Gentleboost + Decision tree Taalafn

maedl 5 AArugniesesiauuui 9 33

Approach Number of data | Accuracy (%)

AdaboostM2 + Decision tree [7] 370 87.32
SMOTE + one-vs-one + AdaboostM2 + Decision tree [7] 535 93.27
SMOTE + one-vs-all + AdaboostM2 + Decision tree [7] 535 91.22
ADASYN + one-vs-one + AdaboostM2 + Decision tree [7] 668 96.46
ADASYN + one-vs-all + AdaboostM2 + Decision tree [7] 668 45.96
SMOTE + one-vs-one + Gentleboost + Decision tree 535 92.34
SMOTE + one-vs-all + Gentleboost + Decision tree 535 91.59
ADASYN + one-vs-one + Gentleboost + Decision tree 668 97.31
ADASYN + one-vs-all + Gentleboost + Decision tree 668 97.01

M19°99 6 Hamsviwevewkuulugndeyadtan san. tuie suneviman JminuasATeTINTY

%0 msﬁmwﬁgmﬁaq m‘aﬁmmﬁgﬂﬁmﬁw%’% miv‘hmaﬁgﬂﬁaaé’w%‘%
‘ﬁaga 875 AdaboostM2 ADASYN + one-vs-one + ADASYN + one-vs-one +
e 9397lal| + Decision tree[7] | AdaboostM2 + Decision tree [7] |Gentleboost + Decision tree
auea | ududeya | % uIudeya % uuteya %
0 141 139 98.58 138 97.87 137 97.16
1 63 30 47.62 42 68.25 42 66.67
2 16 8 50 0 0 11 68.75
3 12 0 0 8 66.66 9 75
33U 232 177 76.29 188 81.47 199 85.78

s fauuUeeis AdaboostM2 +
Decision tree [7] 76 ADASYN + one-vs-one +
AdaboostM2 + Decision tree [7] waiz ADASYN +
one-vs-one + Gentleboost + Decision tree 4

liraugnaesgeantuwiazngulvasisduuy

1173

nsiwgnedeidey Lilenageuiuyntoya
aFefililaunaain sw.an.diuiin lngvuinye
TV 4 AATE UAZHANITYINUBVBING 3§17

wuu Tuyadeyaase fannsed 6
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5. Asaluazasung
mMsUsziiumeiianisuiuiiuteyafie3s
dulng1n38 SMOTE wag ADASYN unldusuauna
Yoya Fudunmaifinduiudeyanduiios wuinis
ADASYN annsaiil ud1uiudeyang uiiesves
Aana 2 wazaana 3 legandnis SMOTE esann
Tumaifiudeyaifioudu 35 ADASYN afinnsan

ndeyalzefiennsenisuuangudeya Jlu

y q
Fndudosinnsandeyanniafieglunguiios &
Foyaslagndonisutanguilianimindoya
fusnnuarassadoyafiontuinuiinudy 1 3
Mlsinisusureuinvendunisindulalung
wuangaliid [27] waznwudnnsuduiiiadeyase
WAuIIETT ADASYN vilyiUseavEn nuesiLuy
g9n9135 SMOTE uazdenmdeasiu Wang UazAny
[25] §4nu3135 SMOTE dawasionisvinungsiniy
78 CSC wazluauwes Shoorangiz uazAny [34]
171138 SMOTE wag ADASYN wnldlunisvinune
EEG vosnmznduluniomvdussevdu 9 WANS
¥ueuansan ROC vowi 2 33 agluseau 90 %
Wi 35 ADASYN TWen sensitivity 76 % w33
SMOTE ffl 70 % iy 35 SMOTE Felail#idus
AUszAnsamAnaalumsiinduudoyadmiu
M5y

dMFUNTEUILNTIUUNTBYAAIETT one-
Gentleboost +

vs-one @ g one-vs-all ha g

Decision tree WU?135 one-vs-one l3A1A1Y

(4

9NF 9349071 one-vs-all s uyadeyadiiiy
Touan1935q w935 SMOTE uay ADASYN
idesannlunsiazseunisiioudaieds one-vs-one
finsfinnsunens 2 ngudeyafiieadeaviidy
daunguiu 1 7ldiAerdesazinisdneonan

nszUIuNIsREL; Jadeiansauds sty

1174

v [

FBdanstudeyaiiaunauinniinisieusseds
one-vs-all FafuAsifinsandeyaiiaula 1 ngu
(positive) drudoyadu q Aivdeazgnialsieglu
nqu negative §sen9viliusiazseunisisousd
undoyaluaenguieiuuin [33]
n1swiguiiisudsedniamnisnenseal
5¥%1319 ADASYN + one-vs-one + Gentleboost +
Decision tree dainsuiuduuvesyateyangs
oy uaziduisilvdianugniesgegn was

aa

AdaboostM2 + Decision tree [7] a8 w357 Luisl
n1sUSuIuIuYeRdayangutiey WuINAluY
99978 ADASYN + one-vs-one + Gentleboost +
Decision tree @111509U8AANE 1 AANE 2 LAy
Aaa 3 lagneeunnndl AdaboostM2 + Decision

tree [7] WAZATUITONIUNLABNE 2 WATARNE 3

a

nipuindu Faludeyaiifogdruiuiesluyn

9 3
Toyaate usidunaravedlsaterindendioglu
seiuUunawarTULS detuntsudtiymdoys
liaunaneunszuiunssuundeyaiadunisiia
Usgansnmlvitiusiuuunisnensad
nsdlveansviiuienata 3 Famnviune
AEFAILUUVDIIT AdaboostM2 + Decision tree
[7] agldaunsavinglagnees (Araugndes
0%) w1 auuy ADASYN + one-vs-one +
Gentleboost + Decision tree %ﬁwmdﬁgﬂéfaq
g98ls 75 % wazmsviuneRana 2 uazAana 3 39
Ju

AT

1 a

UBUAN

Y

flagdruutesluyadeyasalignies

v v
= v o

YU F91UIT ADASYN + one-vs-one + Gentle-
boost + Decision tree Fadusuuuiivanzase
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Widen azshlyianunsaitedunnylsateiinden
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a1u15aUseyne bdinaila Random forest [19]

%39 Deep learning [35]
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