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Abstract

Diabetic disease is a growing medical problem. It is a metabolic disease in which glucose in the
body remains at a high level for a long time, producing symptoms such as frequent urination,
thirst and increased hunger levels, which can lead to complications such as kidney failure, stroke
and impaired vision. Diabetes is often identified by the patient asking a doctor or visiting a diag-
nostic centre, which can make the diagnosis process too cumbersome. But progressively increas-
ing machine learning methods solve this problem. The aim of this study was to use machine learning

SCEF| G ST WL S U RIYIRE O KU BRD). ZEit2 5 R, 2023, 12(4): 974-984.
DOI: 10.12677/5a.2023.124101


https://www.hanspub.org/journal/sa
https://doi.org/10.12677/sa.2023.124101
https://doi.org/10.12677/sa.2023.124101
https://www.hanspub.org/

G

methods to predict the likelihood of a patient developing diabetes. Four machine learning classi-
fication algorithms, namely, plain Bayesian, decision tree, random forest and logistic regression,
were therefore used to detect early diabetes. The experiments were conducted using direct ques-
tionnaires collected from patients at Sylhet Hospital, Sylhet, Bangladesh, from the UCI Machine
Learning Library. The performance of these four algorithms was evaluated using accuracy. The
experiments showed that Random Forest outperformed the other algorithms with an accuracy of
98.07%.
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2021 12 H 6 H, EBmbE R B (IDF) A A T 508 (1 A BRBE IR AU, M40t 2021 442 3Kk%) 5.37
RN (20~79 %) - BB IR (10 N AH A 1 AR B3 s TH2) 2030 47, %84 Bt 3 6.43
125 %] 2045 44 LT3 7.83 12, (ML, AN D8 20%, AR B AN B TN 46%.
RIS 20N R0 SRR R TR & T RN E K o BRI R B R AT RAE. R
FR JEA R ) SE L R . 2000 442 2019 AFEHAIR], BEIRIE S EUSET G0 T 3%, 2019 4, R LA B
PRIFE 51 2 1R B M50 it T3 R 200 5 NFET o BT LAFE HRE RIS (1 28 5F BRAULF- 75 4= BR G Rl A #54 F 384 on
R PR 2 E T B JU 200 7= A Dk B 2 S A2 BB A 4 ] 7 A R B S R IS RS, BRI E
Refi. AR AL, GRS ERISEIRG . ThRERR S EL 2 g [1].

B PR B DUFRRTY[2], el

1) 1B9WEIR: RWE T NS08 5 %5 SR80S B ARG, 55 3 Wi > Fl 4
MR Z A, ARG TR, 75 0 R 2 ki677 3]

2) 10 BUE PRI . R0 R I A By PR AR A 3 7 SN (R & 12 8h) i B I 2 35 0 WA BB 32 R 3]

3) HABKFFRRAL: FFREROR . 1BME B IhEEAR . SRR SR A0, SMRFFEARE T
A3 SO — 1 1 T = 3]

4) GEURFEIRT: WEGRIAIN SR HIBEIR, e WA, TR R AR, — R RS L AR
Z IR HIR[3].

WUAS 52 ST 1o R V2 NS B A B 2 2 o BB IR 2 By AR JBMR AR R Th AR SE
THEERIREM,  FATTH5 RE I 32 TR A VR 5 o 7 T A1) e — 2 8 JORE AN BT VR [4] . VR 2 F 5T
EATHERRS W SIS, 2208 FH AP 2 M8 2% 2 500, . SCREREHL(SVM) [5]. 13 DUrH7[6].
PR [7] WA EUE[8]. L L[] %45 HUHRIZHR [LO]RIMLES 2= =) Jy st Fok B A B IR 1 %5
PR S W A H B A 58 K RE /I [11]. TEWFFUREIR G, Nai-Arun 28 N[12]32 H T —Fh o A2 2% S kAT
FOREIRT, I 08 25 A IE R B BOAR BB BEAT /047 . Orabi 25 A[13]A 4R T — il i $8  T91 95 425 s 4R
KA AAT T8 R R T R G, e T2 75 O % N AR A0S . RS
TR I, AR BRI A BEALA ARSI B A AR SR TR 4E %8 . Bamnote %5 A [14]
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Ak RO, FOVEAE A8 ORI 278 W R 5 A7 85 /0 1R B UE AN 55 K AR 3 . Nai-Arun 58 A [15] 1 J6 98 1 D942k
PR R 70 AR, RIS HER . N T gg . AR EIIAANR Dt tr. SRJ5, W70 1 AR A I Bk
DASR i LSRR (B P 3 R PRI BT FEIE AR 2R %, 1, Vijiya Kumar 55 A [16]3 ) 0 Fil
WA B R 1EAT T ;- Sisodia 55 A [L7]RF 8 IR A8 FH 43 S SR TN PR3 2555 o

AR I T LA 3 T S PR PRI X — 5 o AEIR I LA PRI T AR DU, DR SR . BEALAR K
ANE R 81, X DU R & 2% 51 7 iRonr 5L S PR BEAT T - AEDURBLER 2 1 0506, #RHUS TR
f (RIS

HARMIWTFEHEHAG AT 55 =800, NAlaE I 08k, B =80, AT HEREMN SR
M B SE IR . BEDUHR Sy, REATHETTE4S

2. HXEBLRGZE
2.1. FpEDAMHER

Fh 3 DUH-47 4338 (Naive Bayes)/@ LA DU 5 BN LAl I BB AE 2 A4 2 IR AH EL AN 1 T 5, S il
WO ERIGEE, DURHMEZ S AR A RTHRRBE, 2 2T BN B A A L A, PRI T 22 5 3
MORERL, A x SR ARG E S BESR B R MT tH y [4]0 "e0d AT 2l AS T Rk ok, i FLIEIE I T4
FEARH m B n e . AN SR DU 0 S8 RS T30 260 BIRMB AR i g 175 IR O3 A S AR

HRAE AR IUH T VAT A5 P(Y|X)=P(Y)P(X|Y)/P(X), 3, P(Y|X)ZHREGRM,
P(X|Y) ZTIAEMAR, P(Y) 2 Y MERIEMK, P(X)2ZHIMELRME6].

2.2. RIRR

PRFR (Decision Tree) & — MR ENLAEF I8, EEA TSI — NSRRI 2 HikH =
BERH LIRS AT A BRI RS B B R . ASTREAI 952 1D3 553%, BRI LR AE HRSEM 25A T L
S PR S 2 DU e B RPALE 30 T A AR TR S o 5 B 2 g (M, A) B2 : g(MLA)=H(M)-H (M |A),
Horb, H(M)2EHEEM MR, H(M|A) ZEHEE M ALK FHE7].

PR — BOE A A B B O B, TR AN, 0 P A SR AU, T DL B AN AR SRHAE
B o ELR PSR TV T R A T BE T C ol R, o S P 1 B L S M DA TN o e B S T R A3 AT
BEITish. BRI . SOl R eNE[T].

2.3. BEHLARIK

BEHLAR AR (Random Forest) 2 i 3. 2 AN R HE HF K A A T A S R AS 21— AN SE N AE R AIRRUE O, 2
bagging AR BEHLEFRFALAES & o FENLARMAIE T 2, 2/ 200 A FEARRHT FIN, Ziit
AR B BRI A B TIN5 2R, R 3 o 45 2320 DI S N0 245 SR v 3k i P 45 2R [16] o

BEMLARMIE ] T it , ARG Al G X T RE D Bk, iR ar DAAERF mEmf . Xt
THAREKENAE 95, BEResb B 2 O s, R B RS, HE e e HAEIL[16].

2.4. EIERTEEYT

I AR [l )RR (binomial logistic regression) A& — Ry 8RR, B T AL AR A, R
FRIE AT BB X 4> K g r a3, PAEHT 28, % TR W gk, 45F
TR SR EAREE TR, FORME, FETFREEAE8].
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3. SCIESHT
3.1. ¥IEEIREA

AR YA P B B0 B U PR DR T i 5, I o L 653 20 s D A0 ZI A A R s = e ) 3
MEWEREZ G FEPES THER WAl ZRESE, Wk 1, W T 520 L EFHAWE. E5L
th, BEALEEHR 80% I H I T ZRid 2, 20% A %cdh ] T Ik 72 .

Table 1. Variable description
1. TEUR

Bl E Ui W

EWY (Age) EEALE, 20~65
153 (Gender) SEMEARE, Hi&
% JR (Polyuria) EVEAE R, Yes/No
J5i 78 (Polydipsia) EVEAE R, Yes/No
FARYEAE (Sudden weight loss) SEPEARE, Yes/No
R 99 (Weakness) EMEAE R, Yes/No
% 4 (Polyphagia) VAR, Yes/No
A TE 3% 9% (Genital thrush) SEPEAR R, Yes/No
LA (Visual blurring) SEPEARE, Yes/No
J&J (Itching) SEMEAE R, Yes/No
5% (Irritability) SEPEAR R, Yes/No
SER AL £ (Delayed healing) SEPEAR R, Yes/No
53 B (Partial paresis) EMEAE, Yes/No
LA )% (Muscle stiffness) EMEAE, Yes/No
Jiit % (Alopecia) EHATE, Yes/No
LB (Obesity) EHATE, Yes/No

&2 (Class) ETEAL &, Positive/Negative

32. ER5HR

3.2.1. #hFRIUIMHr

HFIANER U7 B, 224t ROC fhZk, Wnl&l 1 s, wRAE H AUC HIfEIA %] 0.913, #iMZ%
IrRAFHIPERE LURLT SR )5 A VR S M, A R PPA 5 21, Qe 2 o, 1 53 AR RS HERf %2 09 90.38%.
W2 BRSO 2 AE, WA ZE R T A 2
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Figure 1. Naive Bayesian ROC curves
1. AhRDIMHET ROC Hi%k
Table 2. Confusion matrix of naive Bayesian
2. FVENMETR & %6/
Negative Positive
Negative 37 8
Positive 2 57

3.2.2. RIRHW

FIF RS AT @A, PR ITRAE, fE 2 FoR, @A A EE s, TR 200k
ERR . GRS TR B AR B R MRRIE I TN RS S AR, RRE S B ML B e, e
3 Fn, AT LAt TR R ok 1 B S 1 ] 25 2 S (Polydipsia), %2 R (Polyuria), A4S H 21 K 36 =2
R (Age), PLBERLW (visual blurring) . il i ROC B4k, Wil 3 iz, "I LLE H AUC HIEIAE] T 0.915,
YLHTZ o R MR RE LU LT . ARG R & 46 R, EREBANPEE R, WL 4 PR, RS R

A 91.35%.

Table 3. Importance of decision tree feature variables

3 RRNFHEEEERM

Variable Overall
Polydipsia 113.575726
Polyuria 85.630108
Gender 62.186220
Sudden weight loss 51.207733
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Continued
Partial paresis 50.935121
Irritability 21.666840
Alopecia 12.636410
Muscle stiffness 7.827421
Genital thrush 3.917258
Delayed healing 3.816346
Polyphagia 3.500251
Itching 2.880000
Obesity 2.538690
Weakness 2.041063
Age 0.000000
Visual blurring 0.000000
Table 4. Confusion matrix of decision tree
=4 RRPRATEME
Negative Positive
Negative 36 6
Positive 3 59
Positive
0.61
100%

=

muscle stiffness = Yes

Negative
0.07
32%

Figure 2. Tree visualization

B 2. ATiLie

Polyuria = NO«H

Positive
0.94
50%
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Figure 3. Decision tree ROC curve
3. RHEH ROC %k

3.2.3. BEHLARHK

FIH BEN LA R AT B, 2R T mtry Al ntree PIANSEUEI > B, dUb7EYI g
o3 80%IIEIEE B I ZRE, 20% AR E N IAIESE . TESRUFAE IR R mtry A 3. @i 4 f
7N, 4 ntree HL 100 I, IR RRZEFEEATE T, T HERRKHEE, JRATHE ntree {H4 100,

BEMLAR RS P e — REth AT DA 2 X AR B B, W fE] 5 FoR. TEREALARAR AR B 1 B Bk i S
ST AR N AR B B e — FIBEN LB » AR AR R B GIND R 501 F4{i . Mean Decrease Accuracy:
FoRA BB G UET R A T FE; Mean Decrease Gini: F/nZEEHG GINI REUKFAL. BUE AL R
REREE. fH ROC 2k, i 6 fian, wILAE H AUC IEIAS] 1 0.979, 1Z{E AR ERHL 1, Uil
SRR L. NSRRI, EEMAOPAEE IR, Wk 5 fon, MR HRAUHER )y 98.07%.

f_ntree

0.25
|

Error

0.10
|

0.05
|

trees

Figure 4. Ntree parameter selection
4. Ntree ZH1EHY
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variable importance

Polyuria o Polyuria o
Polydipsia o Polydipsia o
Gender o Gender o
Age o Age o
Sudden weight loss o Sudden weight loss o
Irritability o Partial paresis o
Alopecia o Alopecia o
Ttching o Irritability o
Delayed healing o Itching o
Partial paresis o Delayed healing o
Visual blurring o Polyphagia o
Polyphagia o Visual blurring o
Muscle stiffness o Muscle stiffness o
Genital thrush o Weakness o
Weakness o Obesity o
Obesity o Genital thrush o
I I I I I I I ! [ I
8 10 14 18 0 10 20 30
Mean Decrease Accuracy Mean Decrease Gini
Figure 5. Importance of random forest variables
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Figure 6. Random forest ROC curve
6. BEHLAR#E ROC Hi%Zk
Table 5. Confusion matrix of random forest
= 5. FEHLARME S 5ERE
Negative Positive
Negative 38 1
Positive 1 64
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3.2.4. IBEEEEA

FIFZ R B, QIR o DUE B R B B A, RA WD BT EARE,
Wi 6 pa. tHEHAEIZEE ERIR2 4 0.7559, £t ROC &, Wil 7 fizn, WLUE H AUC HIME
LB 0.944, PLHIZAEMER LT . RS G, SRS, WE 7 R, HE
HAR AL HE R 2 94.23%.

Table 6. Logistic regression
= 6. BEHERE

Coefficients Estimate Std. Error z value Pr (>[z])
(Intercept) 2.53631 1.16473 2.18 0.0294 "
Age -0.04206 0.02678 -1.57 0.1163
Gender: Male -4.44419 0.67932 —6.54 6.1e-11""
Polyuria: Yes 5.11979 0.91574 5.59 2.3e-08""
Polydipsia: Yes 5.23044 0.96912 5.40 6.8e—08""
Sudden weight loss: Yes —0.00139 0.64799 0.00 0.9983
Weakness: Yes 1.28695 0.63972 2.01 0.0442"
Polyphagia: Yes 1.37161 0.59031 2.32 0.0201"
Genital thrush: Yes 1.62509 0.63792 2.55 0.0109"
Visual blurring: Yes 0.98150 0.72366 1.36 0.1750
Itching: Yes -2.82010 0.75721 -3.72 0.0002""
Irritability: Yes 2.06855 0.67013 3.09 0.0020™
Delayed healing: Yes —0.64304 0.65075 -0.99 0.3231
Partial paresis: Yes 0.93269 0.59629 1.56 0.1178
Muscle stiffness: Yes -1.28857 0.65397 -1.97 0.0488"
Alopecia: Yes -0.29067 0.72604 -0.40 0.6889
Obesity: Yes -0.35203 0.62357 -0.56 0.5724

Table 7. Confusion matrix of logistic regression

F 7. ZEHERAER

Negative Positive
Negative 37 4
Positive 2 61
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Figure 7. Logistic regression ROC curve
7. BHEHE ROC Hizk

3.2.5. LT

R HTR T UM AR, Jp il AN DU, Desemt, BEMLARMALZ TS B, k75
T VURPAS RN T B2 R o WER A3 B DU FPOAS [A] A 25 SRR R R ik 90% LA I, w1k 8 fiaw, HHUL R LAfH
XA SHZBR AR AR W & o AN AR I 2542 AR X 80%, T T 20% M I EE . s AR i e A
BEATLAR MR 32 58 307 3% [ U 2 A R IR R 3%, R 3K 22 IR (polyuria) #1451 78 (polydipsia) /2 5 3508 FR i 1 2
BRE. NERAPTH LA, BRI EERM T 98.07% M ks R, 1X L) T it =P B # 2 4r 45
%o HUCATCAE H,  FH BEATARMAE B AT DUR G i T 57 5 R 53X — 250

Table 8. Models prediction accuracy
= 8. RETUNAEE

Bk HER
FhER DL 90.38%
R 91.35%
BEHLARAR 98.07%
b= | 94.23%

4. B4

ARSI PSR S PO B 4, R 8 AN R DU, DR L BEHLARAR S 18 St 5 [ 1 A6
B, FRVE 7 STRE PR P DA 3R AR I o JRURSE A1 22 F00M £ 1 ) 428 Mot 7 ST s 1 14 IR T e e
HIPEF o MRS | BELAR AR S IZ BRI (] U2 20 A0 B KUz PR 3K, &I 22 JR (polyuria) A1 75 (polydipsia)
Fe 7 HOE PRI ) £ B A

FER MR T 45 R Lok b, DUROE I RS FE I 21 90% LA L, 15 A DU A 784 38 RE AR 4 1 Tt
FFLIYPRE PRIVIBIA 2 BT A AR R o BT AR MRS R 1A RS 3 5 151 (98.07%) , BT LA T 7% ST e 2 R R
FHREHLAR R RCR T AE
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