RMUTSB Acad. J. 11(1) : 29-44 (2023) 29

° v o saa a v o a
ﬂ’]ﬁ‘Q’]LL‘uﬂﬁdﬂ’JﬂtﬁﬂL‘LI’]‘WJ"]L!ﬂ?ﬂi‘ﬁ’)ﬁﬂ’l%‘kﬁﬁlﬂﬁﬂ’)ﬁlLﬂ‘a"ﬂsﬁ
TnanisiniadanisAniaanAMan U
The classification of diabetic patients using machine learning method

by feature selection
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Abstract
The classification of types of diabetic patients is difficult because there are not only variant features, but many
features needed to diagnose the symptom of diabetes. This research proposes to classify the types of patients,

whether or not they are diabetic, using machine learning to find the factor for feature selection. The study was utilized
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data of 536 people from the website https://www.kaggle.com, that collected on 8 features causing diabetes as

following; Pregnancies, glucose in blood, blood pressure, skin thickness, insulin in blood, body mass index, diabetes

pedigree function, and age. By training and testing ratio of 90:10%, 80:20%, 70:30%, 60:40%, 50:50% and splitting a

data set for 10-fold cross-validation, the result was showed that the optimizing method, Gradient Boosted Trees, has

an efficiency at 87.14% and standard deviation at 0.80 with the best efficacy of feature selection by Filter-based factor

selection method with Decision Tree of only 4 factors: glucose in blood, age, frequency of pregnancies and insulin in

blood. According those of factors, the efficacy of diabetic classification would heal and cure diabetic with a speedy

recovery and longer life.

Keywords: the classification of diabetic, machine learning, feature selection
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Figure 1 The research process.
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1 89 66 23
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8 125 9 0
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175
0
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BMI DiabetesPedigreeFunction Age  Outcome
33.6 0.627 50 1
26.6 0.351 31 0
23.3 0.672 32 1
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43.1 2.288 33 1
25.6 0.201 30 0

31 0.248 26 1
35.3 0.134 29 0
30.5 0.158 53 1

0 0.232 54 1
37.6 0.191 30 0

38 0.537 34 1
27.1 1.441 57 0
30.1 0.398 59 1
25.8 0.587 51 1

30 0.484 32 1
45.8 0.551 31 1

Figure 2 The sample of the diabetes dataset.

Table 1 The detail of data structure.

features

detail

pregnancies

glucose

blood pressure

skin thickness

insulin

BMI

diabetes pedigree function
age

outcome

the frequency of pregnancies
the glucose level in blood

the blood pressure measurement
the thickness of the skin

the insulin level in blood

the body mass index

the diabetes percentage

the age

the final result 1 is yes and 0 is no

n’mm?ﬂm’l’mda (data preparation) A/ WiTEIN
daya e lugy wLiteri s train wag test
Tmm:i’@g@ﬁtﬂmmu 10-fold cross validation

N15UITAENITARIADN AR N B

(feature selection) Tudqun13uniTadan1sAnLaan

AANHUzLDWWLY filter approach LHun1g

q

o A [ %z 1 % o ¥
maanfadyarldlnanisariutinuesdays
feazlduuy decision tree tTUN13UIUININ

gaslasaasreduldnisfmaulaanuuadany

o

Mg (1) WAz ga9 (2) nsuAuinaeasull



RMUTSB Acad. J. 11(1) : 29-44 (2023)

35

éfmzrm:ﬁﬂﬂdqmummi (information gain) AN

4n9% (2) azAaatanAnianlduanaanly

a

a v 1 = 1 =
UFgnavesdeyanay randieuinsd (entropy)

Tnafanueuinsdaaaduldnisfndulalusfo
TulgA99699879 S AD E (S) ATNgR3 (1) AN

ANUANe (Th.wikipedia, 2021)

— n ;
E(s) = —Xi=1ps(j) log 2 ps(j) (1)
& o 1 n; ¥ o v o a
s Aa Aadandsznaumiegaresiaulssuuaziudsaauang 9 nanl
Ps(j) e dnsdauaesnsiily S AUl uvTanaansien |
Tudaurean1suna (information gain) Waz&n3 (2)
g 3
. |sv|
Gain(S,A) = E(s) — Zv:value(A) WE(Sv) (2)
A % 1 dl U o U % =
s AR fatendsznausiegaressiaulsAuLariaulsaauvane < naed
E A9 wunstlaessaasing A A8 FaulsFunNa s

value(4) Ao wnusA 19 A Mduldls

i niuieldAnsng I uazlgAntimn
m@q%’@aﬂ@ﬁmmnmwﬂmﬂ decision tree G4l
N7 filter approach Imensuitladanisdniaan
@mzﬁ”ﬂwmz‘imﬂ‘lﬁ%maﬁmqmmﬂ'ﬁfiwﬁﬂ
wgaantiusin T4 ludauaesnisvndade uuy
wrapper approach lun1samaaniladalunig
afsTuaailuluy backward elimination Taeinis
‘L%ﬂ'wéﬁuﬁﬂﬁuﬂﬁﬁﬂﬁumfrﬁmﬁ@'«ﬁ“ﬂmﬂﬁﬁﬁ”ﬁy
aanly

N1931LuWN (classification) N33 41N
Tsannuau andaganudndaouvainuans i
Wuauowin uganalion uazivainuans
adelunisiiudeys wazenAderieumhillald

ATN179UUNUANEAT 1T Naive Bayes, gradient

boosted trees, deep learning, logistic regression

A o 1 Adl a ://
Sv AR FAIREINT A HAN Vv INUNA

WA support vector machine (SYM) U3 Lls=&visnn
Tunsanuunuazlananuanmeiu dsenauiu
9 o v as = 157 di 3 ai
Adera9n199n13EsuiANeLATad NI UMLNT

1 o v o Z’/ = Y ada a I's
uansneiuaae Aetiuaslald 5 35 luns9iasnei
dayauazaruundayauaylignai 3 lunisilsziiiv
sednsninaealuina Telaun 1) Naive Bayes
duGedduannsuesdesnnuiiazdi (probability)
Tun191uUNLLNNgN (Medium, 2023) 2) logistic
regression \iwmatiAn1sauuninaa1Aanannig

1 a e A 1 a

Arnthaztiulunisiiawanisalvzaassifia
s 9aiiu fearnnsndnaet lulszinm binary
classification Fiaaginan1sldenu logistic regression
daqulugjinldldlunsanuunlanialuniaiialse
raldinalam (Kasetsart University, 2018) 3) deep

. A ax = Py = ,
learning ﬂﬂfaﬁﬂﬂ?Lﬁ‘ilugmilLﬂi'ﬂﬂLL‘LI‘LITﬁN“]J’]EI



36

0.uMd. 11(1) : 29-44 (2566)

szam Ineninszuuiasednadszam (neural network)
sndauiunanedu (layer) uazinnsGaudaindeya
Tun13anuun (ABB, 2023) 4) gradient boosted trees

AnlpseasauuuFLll aznnslssiiunausazanas

P

Widelscanininnangn Taantsnananly
classifier instance N1 s wAaLFa A ANLE U
X o4 o 4

et 7 InaFeuiainAiANAaIARReLuazaN
MAnaInNNI?aLUNABUNYEA (Dhurakij Pundit
University, 2023) 5) support vector machine (SVM)

o a KR dl ° 1 v
L‘ﬂu’ﬂ@ﬂ‘ﬂﬁ‘%ﬂ%@’]ﬂqﬁ‘ﬂuﬁﬂ’ﬂmﬂLLﬂ‘]jQ_JM’m’]‘J‘

-
o a a

Anuundaya needenanniszesnismdndsy @y

D

kg

19anunsinearnduntivuannguiayangn

a

v

teudrgnszuounisaeulissuuFeuf Ineiuly

al

¥

Tduutiuanuazngudaya (Glurgeek, 2023)

al
'

Tugdureslilsunsuinan g lunnslszunaca

= . . = > ad
Aa Tdsinga rapidminer IPLLARNNIFAIANR TR ]

uuuy optimization e A Tiwmnnzngalunis

Ugzanana

NANNSANEN

Anssfiuntside luduneuusnl4iznag
Gﬂui’é’qam’ém%ﬁﬂ@ﬁﬂ%\mmﬁ@u Soldauan
8 tfadaluntsaruunisaiwvonu laun a1uaunig
rﬁ?\mifm’(pregnancies) seaunglaaluaan nedn
ANNALIANA (blood pressure) AMNMLNUBIHIIR
(skin thickness) ?:ﬁuauﬁgaﬂuﬁﬂm (insulin) Aentl
uaanIe (BMI) WuqﬂﬁmﬁLﬂummﬂéﬁum’mﬂﬂu
3L (diabetes pedigree function) 81 (age)
feagldsrunuBaufusznnamasanlu S 90:10

wafidus wazld3g5uun 10-fold cross validation

Tnaignslunistasiivilss@nann augns (3) uae
NANTNAARY A9 (Table 2) Taganisaqagann 8
tfaderiaviua lun1saurn ALY

TN + TP

Accuracy = ————
y TN + FP + TP + FN

(3)
HALIANA3Y (true positive) HUaeimsaanwuan
= 1 %
Nlsmatinagnees
nauaniaaw (false positive) ALUNFATIA
oAl 1 1 v
wudnilsnaeinglignees
NAALATY (true negative) AULNARMIAA
1 1l 1 v
wudnlaifilsnaginagnees
NaaLLUaauN (false negative) Autlneimgaa
1 1l ] 1 ¥
wudn i lenatinglignsias
a1n (Table 2) nan1T998IANTAR8NINNA
8 tfaaglun1sa1uunlsALLINLNY WL gradient

'
1

boosted trees Hilsr@nTn1NANGA (Acc) ag

]

86.79 Lﬂ@ﬂéﬁum’Lmzﬁmﬁmmummgm (SD)

1
[

8¢/91 0.98 nagaNIuazN13Taden1sAnaen
. 4 e
AnAN UL (feature selection) F9azL0UATN9
filter approach LAYNANITATUIUWIATUINYIN
A3 decision tree HUAF (Table 3)
WagFalumanizuannnisldlaseianun
19U 8 tfadeudn an (Table 3) MINAINULENANN
TAseas1grearulsl decision tree TasBeatinmin
AunganuaAuUuaIas wazldAnuinin
o4 wae
910N (Table 3) It feature selection @aazlaaniin
7 17a4%, 6 Tade wazanad?asanuda 3 1lads
ANNAAL TILAAIANUIUTTadE §9 (Table 4-5)

WUUANITANLUNANNNITIN feature selection



RMUTSB Acad. J. 11(1) : 29-44 (2023) 37

Table 2 The result of all features.

classification accuracy (Acc) standard deviation (SD)
Naive Bayes 7714 10.05
logistic regression 82.14 11.01
deep learning 76.79 9.62
gradient boosted trees 86.79 0.98
support vector machine 80.00 11.18

Table 3 The feature selection for weight the decision tree.

feature selection decision tree
glucose 0.33
age 0.1
pregnancies 0.07
insulin 0.05
diabetes pedigree function 0.05
skin thickness 0.04
BMI 0.02
blood pressure 0.01

Table 4 The result of finding the feature selection.

number of it cannot be used because
feature selection
features minimum weight (Table 3)
7 - glucose - blood pressure
- age

- pregnancies

- insulin

- diabetes pedigree function
- skin thickness

- BMI
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Table 4 The result of finding the feature selection (continue).

number of it cannot be used because
feature selection
features minimum weight (Table 3)
6 - glucose - blood pressure
- age - BMI

- pregnancies
- insulin
- diabetes pedigree function

- skin thickness

5 - glucose - blood pressure
- age - BMI
- pregnancies - skin thickness
- insulin

- diabetes pedigree function

4 - glucose - blood pressure

- age - BMI

- preghancies - skin thickness

- insulin - diabetes pedigree function
3 - glucose - blood pressure

- age - BMI

- pregnancies - skin thickness

- diabetes pedigree function
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Table 5 The result of finding the classification by feature selection.
logistic gradient boosted
feature Naive Bayes deep learning SVM
regression trees
selection
Acc SD Acc SD Acc SD Acc SD Acc SD
7 77.14 10.05 82.14 11.01 79.29 10.61 81.79 6.24 82.14  6.56
6 82.14 6.56 81.79 6.24 82.14 6.56 84.29 5.27 81.79 6.24
5 82.14 6.56 84.29 5.27 84.64 13.63 86.79 0.98 84.29 5.27
4 82.14 6.56 84.29 5.27 81.79 6.24 87.14 0.80 76.79 6.19
3 77.14 10.05 74.29 1.60 82.14 11.01 84.64 5.45 80.00 6.85

7N (Table 5) HANFIAHUNLINUILENTNIN
(Acc) ﬁﬁ’]q\izﬁmﬁ@ gradient boosted trees @gjﬁ
87.14 vlafidus LLﬂzﬁﬁLﬁmmummgm (SD)
@f;_jﬁ 0.80 ludaunisunilass (feature selection)

£
' °

ANALInEN AN TAT9aFI9ra9iuly decision

tree Wusnsldilade 4 ade Tdun svaunglag

luiaan (glucose) 81g (age) f1UIUNNIEIATIIT
(pregnancies) ﬁ‘xﬁuﬁwgauslulﬁ@m (insulin)
Wsﬁ’wmﬁuﬁﬁﬂﬂﬁﬁLﬁumﬁ@”ﬂlugﬂ wuudaya
Lﬁ@milﬁﬁug}’ummwmmuslwumm 90:10
asidust, 80:20 tasidus, 70:30 tlasidus,

60:40 1lafidus waz 50:50 wasidus fa (Table 6)

Table 6 The result of the classification training: test.

logistic gradient boosted

Naive Bayes deep Learning SVM
train: test regression trees

Acc SD Acc SD Acc SD Acc SD Acc SD
90:10% 82.14 6.56 84.29 5.27 81.79 6.24 87.14 0.80 76.79 6.19
80:20% 72.67 5.61 75.00 2.89 72.33 3.25 77.92 3.51 70.17 3.01
70:30% 7372 599 7719 1.88 73.04 3.64 76.32 224 7190 2.80
60:40% 76.37 6.05 74.04 3.05 77.31 5.89 76.49 2.44 71.20 5.55
50:50% 68.57 4.29 71.20 2.65 71.20 2.65 71.71 3.55 60.73 3.25

AN (Table 6) WU4138N9NA NG A lUTTAL
PUIANIIFEUFUATNIINAGDY 90:10 tofidusl

Aa gradient boosted trees AANLTLANTAIN (Acc)

'
1=l

AN

U

87.14 uazA1de L uuNIATFIU (SD) o

0.80 LAZTUIANITFAUTUAZNIINAADL 80:20
c « e A . a

Lidasidus Aa gradient boosted trees { AN

UseANENIN (Acc) 8t 77.92 uazAndaaiuu

N1MT31U (SD) g7 3.51 Zaiiluisnisnangn
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989891179 logistic regression TUIANTT LTS

=3

LATN1INAZaL 90:10 afidus NAnUsz@nsnn

(Acc) Bl 84.29 uarANDENLUNIATFIN (SD)

|
N

[agn 5.27 memmmiﬁ?ﬂuiummmmmu

U

Table 7 The errors in classification.

-

80:20 tlafidusl o logistic regression { AN
Usz@N5NIN (Acc) 87 75.00 wazANLLaLUY
N1ATFIU (SD) 2g#t 2.89 Liusu uazgainendu

(Table 7) N7 MUNRANAA

number  glucose age pregnancies insulin result (0) result (1) result for system real
1 123 22 3 240 0.41 0.59 1 0
2 127 51 11 0 0.20 0.80 1 0
3 100 46 14 184 0.53 0.47 0 1
4 102 36 6 0 0.64 0.36 0 1

41N (Table 7) N19AMUWNNITHANAIA WLT
WndadaAruiminzestasaaiauuuduld A
(Table 3) wuan szAunglaaluiaen ag# 0.33 a1y

'
1

28N 0.11 'ﬁququmié\imiﬁ@ﬁ 0.07 sEAUBUTAU
uiden e 0.05 AaLrdnRmenemstananndl

18n19fl 1 En1esruunianane eannng
auunuandn Hdlulsawnmau (result (0) @gj‘?i 0.41
wediFust uazuandiflulaaLmn i (result (1) et
0.59 e sifus NaN1991WUNAINTELL result for
system veanduulaamns (1) usliafignsas (real

= o

Aa ldiulsmunuany (0) ludaunduanildinie

a o A = o A
ANRANAIA NN LUN Ae HszAunglaaluaens

123 ag/luszAunaugs (aqsiiu 125 Ha@niusie

WTAR3) szAuAaugauluEen 240 atllusyigs

a

o

usiang e 22 T vinliiAanistianaaluanuun
T9ALLINUITU %qwudﬁmﬂ@LLﬂiﬂmu‘Lm:oﬁvum
a a A £
augauluaen uarang usiu

9187199 2 WANTsRANaaluaLuniea

wudniaann szaunglaalu@en agluszAugeds

a

127 szAuegfigesag vinlifian1sauuniRanana
dnflulsaiuivoiu uilnaasniduadasssy

a

nglaaluiaen geillenadulsalunaiugedon
v dl ¥ o ! 1
wsisneuangnaaInaunudn lidulsawnmnu
18NN 3 uaz 4 wudnAiaeg lusyALRN
= o = | °
uillaqeau ] ALy 1 anege auau
?:/ el o v tﬁl o Y a
NN9AIATIANAUIUNIN LU Taazyinliianag
nanatalunisatuunisauineu Inanisiae
' aa o A 1
wudnaznisatadenisdulsauuvize i
Tsawnuauanegiunatadfadalunisaiwun

2. .
naanauduegiudalanuiasyAnauazilslsu

2etayanae

andsena
NMMAERLINS Hadenmadulsan i
viselilulspunmuiuegfunanadadelunig
RUN LAaZNITIRANLIINNTARasa s ALY
fdnmnuzuLLAalAzaaing 1 nstlassuAinma

TunIzuataanLiu 125 NaansuAaLATaRNT L
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danulunynwudnddaninmafuiaztulsawnnu
= = o Aﬂl ' v 1 = %
viree1aaziliadeau | sansae 1iW nsinnazEu
a o dld

nMaRRugnIsNNIdulsalLMN LazAUNEDNY
wnnan 45 Tl ilusu

LanNaNENFNNWLA M aN5ULL Naive Bayes

v v _
winzivdeyaniduuiuieyasieiies (continuous
data) (Medium, 2023) A3 n15UY deep leaming

¥

wrnzannunislddeyaauouninlunisizaug

a

=

(train) Fenudnandayalunisauunisanmanuil
v o £ = v =K o U a a

fayadnuiutiaslunisBeui asinlilss@nsnin
VLaiqx‘imr]ﬁ/ﬂ (Thai Programmer Association, 2023)
WASATNNIULIL support vector machine WNNZANAL
fayamdudnmuzuuueynInoan (time series)
sy a1n38n19Iaeiagnsf anudn Nl sz @nsnn

Tganmindiesannudndesys lwsnzauiidsns

Tun193aufilszinnil (Tepdang, & Ponprasert,
2022) uazludauaas logistic regression analysis
s = s a ,
WWAEN19NUsL@NTNINTRIAINIAN gradient

boosted trees 13184 logistic regression LUN1TAN

o

o 4 . “ v 4 a
Audayaiieauundniulsavzaldiiulsn Tedie
Tadnfidsz@nsarnalusysunile (Kasetsart

v

University, 2018) Wax4 A8 5019 gradient boosted

a a a aa A 1 ¥
trees Nilse@nBnInanga asanwudndayanis
Wulsaunnaulaneraisuuunalasaaine g
WLINWMHZaNTL 8017 gradient boosted trees 3
[ = v v U £
anwoiznisEaufuuuiassafrisuuusduld Tagann
sruUNN9UsENnana taaielAsaaFanuu sl @
(Figure 3) @ainnras1alaseaFranuusuldanuan
u1nlunisawunisa Aa83% gradient boosted

trees (Dhurakij Pundit University, 2023)

Glucose

Glucose

Glucose

<127500 >=
12800 <127500  >=127.500 <127500  »=127.500
P 0.200
Glucose Age BloodPressure Age
N el <93.500= 93,500 <29,000= 29.000 < 985:00= Q000 < 20023000
-0.139 -0.016
0.118 0,030 0113 0.108 -0.004 -0.079 0.107 0.103
Tree No.1 Tree No.20 Tree No.40
Age Age BloodPressure
<22500 >= 22500 <22500 >= 22500 <87.000 >= 87.000
Insulin BloodPressure DiabetesPedigreeFunction Glucose BloodPressure Glucose
<76500= 76500 < 66.500= 66.500 <0504>= 0504 < 98.000= 98.000 < 88500= 82800 < 12060 123000
-0.002 0.078 -0.095 0.027

0.018 0.1 0.043 -0.010 -0.101 0.042 0.054 -0.002

Tree No.60 Tree No.80 Tree No.90

Figure 3 The tree of gradient boosted trees.
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AINNNTISENUIN LA ARAAABIN LN UARE
lunsnansafzanisanuungiaslsawnmanu
k2 s = Y v ‘ﬂl 1 Laal
pae ldaEN 193U AaeATee Inanwud1n1e k495
LUU gradient boosted trees HUsz@NTAIN

dl dl = = v ada dl a A
QQ‘V]QG]LN’ELﬂﬁ‘EI‘LILV]ﬁI‘LIﬂUQﬁﬂW?’ﬂu 7] NiTEu

2aDdp

fagLATeY (Lai, Huang, Keshavjee, Guergachi, &
Gao, 2019) wway (Selvi, & Muthulakshmi, 2021)
uazludaunisanuungioalsaiuinausoald
aal = 77 d‘ o o A
AanseuiseATaalnan1snlasunisAniaen
AUANL UL WU IAARAAARITLINNLISY (Nagara)j,
Deepalakshmi, Mansour, & Almazroa, 2021) GR)
wudn13 1435 LU Y gradient boosted trees 3
UszAnsninangaiduiu wiludounuanseiv
a o A ada o o A
194019948 Aa 1an13unifasdanisluAniaan

AN LAz lERa N IMIUAN s

a9
VN - B v
annuanisiqeluaiel nnedaunngtlas
Tsatuausonl4isnisFaudinaases lnanis
wiadan19AnIAaNAMANH UL WLI19INT
a = ) A ° anl
wWrsuiisunisFeufaneiasedlunisanuun 535

Taun Naive Bayes, logistic regression, deep

learning, gradient boosted trees, SVM Taaad

'
aa

a = . Ao Ny
NANgAAD gradient boosted trees uaznnsiae 1
Y & o o o A
wanalfiiunnsanuunlunisunilasanisdmiann
ANANENLE (feature selection) IAaNIA1NULN
% = P L = o
rendaya TeazldwLn decision tree Nan1suNiTAdE
FaiFeannuann 8 1lade, 7 11ade, 6 tTade avau
1194 3 Tady maNansy annuanIsAsenuI g

e 4 fasalunisauundlsz@nsnanangn

v
o

laun szauringlaalulasn any anuauAsd

AaAIET WA AATINETEAUANBUYAY TIN199E

Aafsinudddsz@nsnanlunisauungilos
Teawnumaulan uazdanuandt nsauungilos
TsanuausaeldisnisiFausonnses lnanis
o o A o a a a !
wifadanisdninenauaneuzlss&nsnmanga
sl = vy dl' = 1 a |ai
N9 498N 19 TUiARIATEINENA gAY BEf
0.35 ilafidus ludau89n19aUUNHANAA
R e A
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wiazyAPA danani Wimsatiadelsnnvnnuiisman
oY v e - .
i ldunsddeluewan anaasunianis v
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dl o Y v ¥
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