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gar R 422 fafems & sifer AT @ g e are S9E QAT QR ST S 9eEE
T IET 2 AYHE &I T G AT At & Hae S GIER0NT BRb & RO Bl ¢ | I8 T
T & ggd At dErd & S v S § fastad € 9 9gd Yed & 9amqad B [
FEAT JE H AT & IR TH IUArE AW T0&T ERT SAaie &0 9 e fmar s 21 2ere
[dataset] ® 520 ARET & WgHE § Fad Gebal b RIS & DT SUANT fhHAT 72T a1 | T|qH @ri
& ToT onfae €, oiE 6 9, foff iR @eroT S WeHE & HROT & Wahd o | H9 99 99 FATTHER
(TdT), @ifiies RIIT fawrr (TASTR), I 48 UEIReH, {30 BRE (SRUH) 3R Aedl-ddw
TG (THUAYT) TSR HT SUANT ik STEE & fa9awor foham | 3R THuadr & 39 22/ W
TE AT G-I SR UfasTd Rde qeaiche qeheilehl bl AN e & d1G qa8 3BT Tl qrT
TAT AT MLP 3] 2IEE [dataset] 3R 9gd &7 G@T § (HaHET & a1 98% Fhdl YT Hdl © |

Hfsa SHT & AA § Boll SR SAMIEd 2T B G U AR He@qel &7 & | & & aul
¥ fafrear 2o & sfafeadar & fued w siftes eam foar w21 28 & § Ayghe & fem &
foTT STaal AFe-Hell STA Ol (ANFIS) [10] &1 SUIRT fRam T@T & | 98 Sreasedn (weih)
SrffEdar 1 wizd & & oy dfEer e & arg s (Hell) I 0 i@ &0 &Far &l Thihd
FAT & | Gofl @itore 1 ST Affaa aigedl &t #tzd & & fau fhar amar € o 9@ #@izq
AfreRT Jeasd a1 AT AT € | TUAUwSTEUd § GfiRl Aeddh i ATeni-gordl Bell 32d feed &
T Tehighd fFAT T & SR F8 T OIS WX Semid & S Sfed qemsti &l & & el
2| fomr 2fea safafes 22@e (PIDD) [dataset] T MATLAB ¥ aiffertor & foro gfdrfera i adreror
feram T o e, B wyHe & e & U g9 el w1 SuEn sqenl qeige Sitigear 4 fue
T &TAT STR ATEATEEAT T SYANT Hih AT & dTfeh ST FehoT eei= g fohar o &b |

Abstract

The fastest chronic life-threatening disease ffaecting more than 422 million people globally is
diabetes. Type 2 diabetes is mainly due to lifestyle decisions and environmental factors. It is a
slow—growing disease which starts to develop metabolic factors long before they evolve into a
disease and is formally diagnosed by a fasting sugar test. There are records of indications related
to diabetes from 520 patients in the dataset [dataset] that was used. It contains data on people,
such as age, sex and symptoms that may lead to diabetes. I analyzed the dataset using Naive
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Bayes Classifier (NB), Logistic Regression Classifier (LR), J48 Algorithm, Random Forest (RF)
and Multi-Layer Perceptron (MLP) Algorithm. And MLP was found to have the best accuracy on
this dataset after applying tenfold Cross—Validation and Percentage Split evaluation techniques.
MLP achieve 98% accuracy with this dataset [dataset] and very few numbers of misclassification.

In the medical field, dealing with ambiguous and uncertain data is also a significant concern. In
recent years, there has been a greater focus on handling uncertainty in medical data. In this study,
the adaptive neuro—fuzZy inference system (ANFIS) [10] was employed to diagnose diabetes.
It combined fuzZy logic's learning capabilities with neural networks to describe uncertainty in
expressiveness. To represent uncertain circumstances, fuzZy logic is used, and the model is trained
by a neural network. The neural network of ANFIS is based on mathematical computations and is
linked with the Takagi—Sugeno fuzZy inference system to tackle complicated problems. MATLAB
was used to train and test the Pima Indian Diabetic Dataset (PIDD) [dataset] for classification. I've
utilised this method to diagnose diabetes by leveraging its great uncertainty—handling capabilities
and interpretability to produce good classification results.]

e ‘Tgﬁ's’ %l Wdll; Naive Bayes Classifier; AR RS T | (Q'H'Qﬁ"ﬁ), EREGIEMSRIGE
qAffiees RUIH FATHERREY; qE0T; AT |

Keywords: Diabetes risk; Naive Bayes Classifier; Multi-Layer Perceptron (MLP); Random
forest; Logistic Regression Classifier; Symptom; Uncertainty.

1. 9REg F gfhar & T A9ER THEERT he i

‘ & fau srfafygadr &1 Afsd & a&d @
qYgHE MeM @ AETEe HEYH % fau U )
HfSH gl AT ST ¥ HE G & b, T BN | S AR, S @
BB HITES S Alc [7], 2freehedl, a1ge =S A HROT & HAl & ¢ 3 (AR) AR i

FSS, Bl THS SHEFERIT R BHIAI TR ﬁmaﬁm(ﬁﬁwﬁmwﬁm
ST (8] 3 At R T ¥ | S Sﬁaﬁrw%)nm'a%agﬁg’%wéaﬁ
oz T e T T Rt 6 %Eﬂﬁsﬁ?éﬁaﬁw%,ﬁjﬁm
FaTAlc TT bl &, WihT oIF HITHTH &R ? %‘faﬁ%lwﬁaw e

‘ ' N T T yER § fawifod fear o gedr &%
afoeqamft & S 8, dF 7 w9 & T 2 | ST ST S e AT & ST |
SIBIY Teqg=l 3 Heb fear & {6 9=g W@ - S N
B A ; WhS T A lﬁgﬁrw%wwwm%aﬁ?%ﬂﬁ
gimmmﬁgg%wﬁ Y& HSH bl TRl SR/AT gl

% fou M w3 81 g IR §, I Aed
R Tgd ot T & SR FOR O B A st & st ot a9 StwEE @
H 9T B wHAT T AR oY W OAYAE B fo qwedy wiew AO€E B wE AT ST R
FI | Al B F fov, @ RS R frem & aftfaddneit B g # R
Bl AR H HI AR & | BAR fagawor

4, Weaqel fasareti ofi fafvr=r fagraret &

HiS BTl T, T FATTATRDBI, SFEE-9HT
HEAT § YT A A H S ¥ it 3 s Srafafadt | et shemtet

ugfi @i TEiied St de’ MO W e & fio wE aid gea B E e
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Ueh 7T (hotl) Srenia fagiest gomar [11] 12,
T 1 e (Fell) AT 22 W AR #Rd g
fafrer & & fem & fau Suge 81 emit,
THHT UF 3ATerh Al R & 8 st
<[-welt 229 faeed (ANFIS) [10] &l S 2,
ST ST H AT B #isd B & g
AR ead & @I woll wiforh @GR B
&TAT T Ui AT o | Bull @ftorh 1 SqanT
sAffaa aRRgeat @1 Az & & fog fFar swar
T 3R 9z wisq dfer Jedas g’ diar a g |
Gl [9&H & |1 Uhigd Al Aedd &
| | Agge &9dl e W [JEr &
T FEHdT § GUR & & faw, =9 Qe
T F SRl T el SR fEEH (ANFIS)
N IYIAT FRAT AT F | OTH IOMGH BT SUART
FH & B BES & | & UH A YOmEl &
ZaER & AT &9 & fau ama Ggusar &
fomr woft SPR-fRR fet &r @erar 20 el &
SATHERYT T | g8 QAT Bl BN STANT Bl
T1O g HEe @ ewar SR U UihAr i
R-XEE GEAT B ThS B ST |
foat & foau arveRrd @ gwrEr gonferi § &
UF | gE AT qb emare b oA |
AT Hl W Fh Folh GHTUM Y&
FAT & | Ufteq <-Feil Z29 RIEA (ANFIS)
ol @it SR <A Hedd faegidl & U B
§ U@ R di@s & f9ar aFl & ard
% W THiGd w & | T, 31 qgad
gaemsti & g R-IEE R B BIAAIID
SN AT AT & | TUAURSTETE |t
g% Bl ARI-GoHl Boll 32 [ed & a1y
THIE R T ¥ SR g ferdE omst w
AR & ST i FHEST B & B qohall & |
T AR (e 22 & | & fasrost gonfaat
N AN HAT YA A H AT HI@ G
QRO Ja™ &Y bl & |

2. e &

I we arw ) [1] Frnfaa sew ok mygEe
giaeamt & [T Naive Bayesilﬁ TS &1
SUART foRaT T & | U fasioe HiRedEr STHuANT
% T H, Ih HEAYUMC! bl AR fpar @
el SuanTehdr fafher RefE & e § gfdfshar
M #d & SR e frepd feraa € f6 Tl
qeHE & A1 78 | fE ue o Ewr fafv= g
% 22T W At ueiiied @ fhT e
[2] T KNN,%"T th—ﬁR 3R Naesve Bayesian
q UAIREH &1 ST wid & | Jodihd &
T AT wgHe % e & U, seHe |
327 3R IUAR AT STATHE T SUGET fohaT |
1T I, WMo ST A 48 37 A9 TaNREH
FI At § SEr T gr)| Uedl UE ST I[3]
qYgHE & dfasgarh & foau fafear qea @
IUINT fRAT | 22T & YE-UEERT & dTE, Naive
Bayes, A-3TTETRT dgUd FILUROMHS (MLP),
3R Tofa-dr-smeniRa agfe® a9 (RF) gihand
AR o M| AfaRe fasioareti wr are #R
FT IUGRT fohar AT ar | HRge @1 UH Hisd ad
Ao wdr or o WA qYHe o1 AT AL |
3T AP AT TRNRET 1 T |, S Naive
Bayes UWIT{EA Uk Jd-THEROT YOIl & HIeAH
¥ SUART fRar Siar & v 9oy 99w MUy
IRfYeE AYHE Afasartt & fao demEd sehe
T fIEdR &b, ST U o [4] o fafe=T 2T
G UANREH &l ol &l | deal U 37 [5]
I IR e AR A1E W Ssa (SO
2) X U-grgtHehdr gfhar & "reaw ¥ e
e 39 ¥ 1 "AyiE & wfasart & oo, Hhm
AT Hedeh (TUATH), ATEfEs a9 (IRTE) 3R
H-AYT FALRT qhlh U9 BT T I | [©8
fafer 9 75.7% @0 Aferkaw GehdT 4 | W

29



UGC-CARE Listed Journal ISSN : 1549-523-X, & wamtet - 57 ud Grenfiment e e, au : 20, 3 2, SUe-5, 2022

T2 A | B, fc@Er 1 fF T ek
TE & 3R 97.4% TR BT BN AT Tl
21 3 fotg U2t ofR o farenferat & amer gqat
T B & | ST 10-TFT SHF-H1=aT 3R 80/20
foraTam 1 SwEnT R ST

THE STAME], BB SMehdrs ¥ ZEithd
@Mt [13] ralfthe U6, BEUWTE, R
faferer fem 21 e # sifAfadr ofiR sreasear
I AU T 94T fohar | Rz [14] 2R forga o
ol I STl & hAgad B STANT HA g0
AT SAWINGE 221 ¥ & gare fagayoT |

3. YRR 9k 3R ==t
3Y1. 3T FT TIT [Har

SIS UH Hedqol YAl § Hepfad fohdr T
g7 AR UF FR B @@ d Q@ fear @
g7 T8 HAHIT & [0 o qgHe qaUl BReh
R fo=r fRar @ ar dife qa-AyHE aAfear
w1 eE R o g | agHe fiedEr Sede
PN DI e, S (FHeE) wuie
IGUMECIIEER [dataset] g Uha fohar T am)
% YAl 9T 399 SEfdied 22 (PIDD)
F T T AT T oar [dataset] |

3.2. 22T ®1 JrEAT
ST | T 9 A9 AL oT| 39 TS & 32

o H 16 faguand & e Sugnr afem,
%ﬂﬂ?+veaﬁﬂﬁwaﬂ%%ﬁmm
a1, e atef & 6 us A Agie R
T A -ve &, o otef & 6w Wl A A
T TE 2|

AR U TYHE N Hell Hl wfaegarlt &
% o0 SwEm @ S A 16 fagma € Sar
for afereer-1 ® fem@mar wor ) 99 & ovaE &
Ty gt fagroamstt § I sr-sra aRondt &
| T 2T | AREN @ SMG 16 F 90 A
% 99 T

Attributes Description
Age 16-90

Sex 1. Male, 2. Female
Polyuria 1.Yes, 2.No.
Polydipsia 1.Yes, 2.No.
sudden weight loss 1.Yes, 2.No.
weakness 1.Yes, 2.No.
Polyphagia 1.Yes, 2.No.
Genital thrush 1.Yes, 2.No.
Visual blurring 1.Yes, 2.No.
Itching 1.Yes, 2.No.
Irritability 1.Yes, 2.No.
Delayed healing 1.Yes, 2.No.
Partial paresis 1.Yes, 2.No.
Muscle stiffness 1.Yes, 2.No.
Alopecia 1.Yes, 2.No.
Obesity 1.Yes, 2.No.
Class 1.Positive 2.Negative

arferer-1 : 16-Flaarg: a7 fraarg

[Table-1 : 16- features or attributes]

sudden
Age | Gender| Polyuria | Polydipsia T::i!gh‘t weakness | Polyphagia 5:_:::' :::':::_'g ltching | Irritability :::r:: ::::::l ::::‘:“ Alopecia | Obesity | class
0]40 |Male Ho Yes Ho Yes No No Nor Yes No Yes No Yes Yes Yos Positive
1|58 |Male No Ho Ho Yes No No Yes No No No Yes Ho Yes o Positive
2|41 |Male Yes Ho Ho Yes Yes No Ne Yes Ho Yes No Yes Yes Ho Positive
3|45 |Male Ho Ho Yes Yes Yes Yes No Yes Ho Yes No Ho No Ho Positive
4|60 |Male Yes Yes Yes Yes Yes No Yes Yes Yes Yes Yes Yes Yes Yes Positive

-2 : gee i gl B gERIT ¥
[Table-2 : display first five rows]
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aref =, HfA AT BT ITART e AR =0T FYHE SR wiqsari

qIferRT-2 & HUX &l UEell Ui Gfrdt Geidid o SR 61.5 Ufaerd # AegwE ar S i fa-l
Bl € 1 227 Us gt yed § Bar §, e # femmr w2
g% Ul § U STadied & IUART i, 37% S 63% 0T A AT AR THT
HAH § IRTSA AT B & | GEAAT B OSMER | 90% AiEISi Bl TYHE O Ak 45% TouI
(520, 17) &1 38.5 Uiierd UNWT &0 AYHE F&l BT HeHe T |

Diabetes Distnibution in the Dataset

count

Positive Negative
dass

-1 : 797 7 7gHE & faT & g g9q

[Figure-1 : Visualization for distribution of diabetes in the mple]

3.3. 3T T WY

A ArE T Tedae HEt & [ HET Bl B & [0, IIES Bl R-G&THF dad d G&THE
aMged | uRafda far mar | S|y Ted e d s 20 (3g) @i g far © SR 9w i)
327 HI Al -3 § @ U HeaEd 39 ° 9 f9ar

sudden
Gender Polyuria Polydipsia  weight weakness Polyphagia
loss

0

Genital  visual delayed partial  muscle

thrush bluring "ICRING Imitability o b paresis stiffness IoPecia  Obesity class

i
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1
1
1

- o o o o
- = = O =
-
- o o O =
- s o
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1
o
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- O = s o

1
1
1
1
1
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"

- o 2 o =
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- O O = O

0
o
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T -

0
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ATTHET-3 © &Y TT G@IIHE ST () SR 2erie B GEmEE awgel 4 uRardd T TEr

[Table-3: Deleted numerical data (‘Age’) and dataset was converted into numeric items.]
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R & &9 oy #1 2TEE H am| Sirer o fE arfeer -4 § fommr @ g

sudden "
) - ; . Genital  visual ' oopie delayed  partial | muscle ’ .

Gender Polyuria Polydipsia wellg:l; weakness Polyphagia thrush  bluring ltching  Irritability healing paresis stiffness Alopecia Obesity class Age
0 1 [i] 1 0 [i] 0 0 [i] 1 [i] 1 1 1 1 40
1 1 1] 0 o 1] 0 1 1] 0 i L] 1 o 1 58
2 1 1 0 0 1 0 0 o 1 0 1 1 0 1 &
3 1 1] 0 1 1 1 0 1] 1 0 L] 0 0 145
4 1 1 1 1 1 0 1 1 1 1 1 1 1 1 60

AlferrT-4 : “3g” BT & qE FERT T@AE 32T
[Table-4: Transformed numerical data set with ‘Age’ column]
1
00
om
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i

: WRfE g AREE S & frT aeadT AR deAT

[Figure-2 : Correlation matrix heat-map for the early diabetes prediction dataset]

fo-2 & g2 @ arg & 6 o9 (0.11 @EEdY TNH) OfR AR b O kA deadd ov|
ufegfar R ufelifedftamn, A 0.67 3R 0.65 & Hedaul & A1, AYHE & WY Swadw qae
g1 FHAM -0.01 AR 0.05 & AT & @Y, I ¥ ITER AR GAal H AYHE & T TG99 HH
Y o7 | AR AT § ®H AYHE UHIHUYE A7 | 3qeh ST, B9 SY & O hl AUilEg
T (1.15-25, 2.43, 3.36-45, 4.46-55, 5.56-65, 6 above 65) H I&@ AT TR A HI fF THE MG
el § daferd € ar FE S i dfesr-s § fmmar mr g

Gender Polyuria  Polydipsia ’:&E}E weokness Polyphagia St e:ﬁﬂ: D.‘::::‘;' liching Irvitability %m: p';‘rg:‘: SCIe Alopecia Obesity class Age
o 1 1] 1 ] 1 o o 3 1] 1 o 1 o 1 1 1 1 40
1 1 0 0 0 1 0 o 5 1 o o o 1 0 1 o 1 5B
2 1 1 0 0 1 1 0 3 0 1 0 1 0 1 1 0 1 M
3 1 i] o 1 1 1 1 3 Li] 1 o 1 [i] o o 0 145
4 1 1 1 1 1 1 0 5 1 1 1 1 1 1 1 11 @

afresr-5 g fasryar irT @ F gae TF

[Table-5 : The age attribute changed to categorical variables]
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99 UEd, &H oMY ¥ 3R AYHE & I
UF HEG ¥ AT TG AT A b (a0 MG TR
% famor @& d@d & fau R wr '
FA 2| MG T B Agwar & iR, B9 qq
AT & faaRor @ aiasr w2 o iR fe
-3 ¥ fem@mar w7

Diabetes in each age group

100 4 dass

-

80 4

€0

8

0 1 2 3 1 5
Age Group

faar-3 ;g Ft ST qgHE A faAr
[Figure-3 : age group and diabetic class distribution]

Group g e ‘3T i faaqwor ‘& ufasrd
g, &1 g frpd foer " € o oy @i
4 (T, 46-55 W) H, W H AYHE b @&
sAferes & | S, g e SR WgHE & d/ §4y
TiReT®HT 0 § Feayol 76l © Fiih qgHe qH
g @Y # ' w0 ¥ fqaRa fear s 2

THH 916, AG AR ALHE & 0 @
adteror fepar T, foraes aRemmEEd 0.076 G-9
BT | YI-AS 0.05, THCT BH TMRA TR
g Hae TE T |

g fRar AT G-I 0.05 § HH A1 S9
@R IR WYgHE & 99 §edn & o &
fT - gdeor e T an) a1, BW

ST TR Hl @IS T & SR Fed &
fr -4 o femmr w7

Diabetes and polyuria distribution within the dataset

501 dass

|}
200 ‘1
150 1
g

100 1

50

ol ——
] 1
Polyuria

famr-4 : [/ AR & qiegiiar &, S7H TYHE @ faaeer

[Figure-4 : Distribution of diabetes in patients who had polyuria]

3.4. JTAM-3TAT FAMARER HT STATT FHh
AYHE Tl WA &

Y 9109 999 FAOEEY (T, diiies Ruee
FATTERR (TASR), T 48 TR, 30 BRE
(IMTH) A Feel-aa TEEH (THUUodio)
UG T IUANT ik fagawor fobar & Sar
fF e -6 ¥ fe@mar mar B SR uHUWdr &
TE AT HrE-afasye AR gfagd e qeieT
qhIhl Bl AR] B & 918 39 22 W qad
STl FhdT TS e | SAfed A& @& JATA
% fou faferean & & ofie? =amaes SwamT & forg,
Ao TG (THUE]) awqd § adgdr &
AT Jeds o1 | WiEd & gHEiaar & gidrea
FH IR gk & & faw, 22T H ufdrerr
3T wderor g2 § fawfsa fear mar an) s=
80% I HI T T 3R 3T 20% IW 22

4§ fawiior fomam 21

Performance Class Algorithms

Parameters NB LR J48 RF MLP
Precision Weighted Average 0.879 0924 0957 0974 0.985
Recall WeightedAverage 0.874 0.924 0956 0974  0.980
F-measure WeightedAverage 0.875 0.924 0956 0974  0.980

TIAHT6  10-TT FHIT-GTTT B FTINT H% Ja9iT & Joar
Table-6: Comparison of Performance using 10-fo ross-validation
ble-6: C 10-fold C lid.
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Yoq e {0 97.4% TwAT T
FHAT & Wi BAN THUOQUDY, T A SR
[dataset] & & 98% H[Ihal U B & |

ol g8 Wd & HR & 12 5T N 3
wat ¥ de A mr o1 iR wur oo &
T 1000 & Fodl GG &1 I9dT fhar am
oqT | GHEoT 327 B ufaegarelt 22T & gfdteer &
qIE B TE AR ThAIh Bl T Bl RIBR
fageroor feRar )

Confusion Matrix:

[44 2]
[0 58]

Classification Report:

precision | recall | fl-score | suppor
0 1.00 0.96 |0.98 46

1 0.97 1.00 ] 0.98 58
accuracy 0.98 104
macro avg | 0.98 0.98 |0.98 104

weighted avg | 0.98 0.98 10.98 104

g9 <@T T 104 § ¥ 7 (2) ufEt & 9w
% HfgRT § TAd dlh 9 a9 fRaT 4T e,
e gRoTHEET 98 a9 |l 3R 98
iaerd UHh-ER &, S A9 wiasErei 39§ |

3.5. AMHAAr 4 Fued & U gywnea
EARPLIN]

A wEI #, TARTH, AYHE STEC DI
AT 1 siafted fl q% ugaw iR AyHs
%! GHTEAT &1 eiRa B & 0T guauwsnEey
STTENMRT BT HISH b [ZAET & 918 Uh ST
(Wtt) sTrenia fasost gormar fasiaa 1 T o)
TEAGH  (TAUAYT) STemRd Mo & &l TS |
qfRomHl F Udr I fF TUAUESTETE Hied dEdt
AR Gl Y& HET 2 |

IO gUmell PIMA YRAE AEHE  SeEd
(PIDD) T IUINT ¥ faepfeaa &t 18 ofF | 9ee
Afed faf=r omg §981 & ge9 SR Afean
ST BT THITIT T T & | HYHE FHl HeAT Hf
FUTEAT i AT &3 & [0 geish I & 3
& T H TqhIT T, SO TR, S8 A g2
(diuwerE), gyfe domEe FAE () $R
I E e TS fhT T & | 3 qdver aRemt
I e (Feil) 221 § uRafaa & faar e,
e eeqe A L AR Udhdl & did AT9TS
fafehed amomsti W R #X W 91 J99m,
e (Foll) gl & 9RO 9T e & g
N eiRa Fof fomr @) RwfteesE &
Y, Buil ey IRUTA & F M A WY
forer 9 & w9 § sifom w9 g fopw oo
qgHE e & FHET H a0 B 8 |

3.5.1. Bt STEIRA @99 gt

Y& gomell § UEel haH YE AR SATSTYL
fasToareti &r AR T o | ST SHET
% YR W MY H J=d & H T&d A,
1, weM, 394, 980 999 & &9 H Fardd
foram T or | qeRd gl i gYe gt
T ST (i) FE & fag aRiya fear T@r
aT| R JU-SEsd WERl AU B IUAN
Bt B % fog foram T o

Eoll AT 'AND' AT R’ &1 e & @rp
foRaT T o7 SR SE% A SR WXOT H STIAN
AT T T A A § aRem R a6 SR
foRY aftomr @1 @ aRtea st # Ser @
oar| 3 e fafer & & fagus e Ry
HEaH W SERG €1 39 Sesd & g Gl
q@foleh MATLAB Zallerd hl SUART fohdT T & |

ST e T fhed aTTeeye aeg Ired i
& fore wgree faftr o1 SuanT wv ferafeithea
g7 | 39 YRR GROMH o B9 e @l gurer o |
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3.5.2. gl JA-TAl AFAT FOA
ANFIS &1 f-HToT @ qreri-gomt Bl 328 feed
[10] T | TH ATEghaT # Ui Y fagmuarat iR
TF TGS &I Ud WA A & | Bojlipan
AR oW WA M gedl iR @l WA § |
AT R AN WA F IS At @ e qet
T G AT | REi-Theds A Sifad @A
& U fFT S E S sifom ameeye a4 B |

RA-1 AR WA-1V & R e 9 &
& | IO I HRE HE&IdT Bl Hl FiRa &
T S T WA H JO-iEed AT | BEfE UiReT
P AT SR Tged & fau @rp fear wr
a1 S SMSTYE & oM H A FH & oy
FH H BH A FIAW TS(T B STN HAT
TH YHR IR AR IR0 AT9EET P ST
FIAT & S IH-UANGH TRIRST & fada air
g uRafida 2iar & S daq wiferd west @
IS HAT 2 |

3.5.3. FISwoT 3T qhEor

IRY H, 80% PIDD A1 YE AR ATSYE et
TEl & A Hedd H YT e & e e
T T &) el siftcuEdyE iRy &
AR JUSIEsd FaIdl BIH 3-3-3-3-3 Hl
TARY Foll 2g8 Faeed dar o @ an|

ANFIS HfSd I3 g B & d16, = &
qT 20% T UGN HST BT THE A & o
foram T or | gfdrerer iR wdveror ufskar Sl &
AR ® HN TR TR (ARTAUHS) A B
TOET e HIEA & YS l FeTud fhar @
ar| fafr g get & fau fdemr o) ade
UfhAT T BT AIEAT T AT |

3.6. qROTH

3.6.1. TYAE H GUAT

Eoil Hisd & GROMHN Rl HYHE bl GHEAT AT
THRAT & AUR W I AAT-3A qel |

Ffigha fopaT AT o7 AT S8 @M, T, 7eEm,
I, dEd ATE |

3.6.2. TEfIE TANRAT & ATTANFIS HiZd
EIR GG

TH& AT, MATLAB Wil @ifforh Tadiae &
I@T ANFIS Hisd &l gfdrfera iR uderor fopar
T AT | HiEd @l YeeiE Terdr @i fafi=r EPOCH
% foo fqaiRa RMSE gt & #Atem 9 A
feRam T AT | -3t EPOCH | (S, 10, 20,
50, 100, 150) &7 GfYT&roT 3R wderor a1 aRom
% T U & SnuATEs (0.2276) TS AT
UF Tg-Td WAL (MLP) dfT Heash &l
A IRME0H, 2™ & Fipd & & fag
feomme fomar mar ar | wdiedn, Haeasiear S
faforear & aifeda ol & um At
S Fh AN ANFIS Hied & I &l gt 9
HTOT 74T &7 | gRem e arfaee-7 § e T E
Classification model — | MLP | ANFIS [10]
Performance Metrics
Sensitivity (%)
Specificity (%) 72.5 | 74.17
Accuracy (%) 853 | 87.24

diferer 7 : Q=T FieeeT Fisd & gaoiT T
[Table-7: Performance Validation of Different Classification
Models]

I RO | 9aT Fe & 6 MLP aRiientoT
Hisd @ JEAT ANFIS aiffeReor Afsd H d&a¥
qEehan o |

4. Fr=Fe

T 3.4 & 99 HigHT H1 104 T H F dAq
2 URMET &7 Taq T § AN fhar Tar T,
fore aRemEET 98% TiedT 3R 98% gfasTd
UH-EHR AT | F G Hiqsarelt & A1t € | 79
g &l Tebrilch T ITAN HYd BY, HYHE &
JEATC a1 T & forg I fafere @R &m

98.7 | 93
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fafirse AeHe @eron w1 AT foRaT ST T © |
T FHAT & HRU, T HAA AT HIEA
TF IFE S £ | dl, URE orEeer § Ayde
N STIAN T & T MLP 99 @t Afea
T IUART fHaT AT FehaT 2

SAfYadar & steaas § 221 § siffEadn s
Hizd H SfYadar snfia &1 99 R, HEr
11 E | Cl e (o B < e | S A e | | ES
S B © | wisd AR § @ard are.
T 3R WIUESt T T AT 9N & o AT
& T B AT H TR & | ST Bl
=T FT oe0d Al qdwl § g aRemE |
forame ggm # Aeg #aT )| AT, 2 SR
Afed T H SAWEEar § MU siuwdarei &
for Afewa 2o & wds fofg @9 & fag us
Teaqel U ¥ | Bel Reed g9 AuE w9 9
SYFNT I A aTell Jeheireb & | F faferar awa &
3 Al g @t sifyaaarett & g
T AT B FHAT B |

St SATETRA IS Yot &1 SUART AYgHe
Afcled & URMWE =TROT | B Bl GHEAT B
Tar @ & fag fear mar § S fF @ sus
F T4t & T &1 9 gsfa § 9ea e @
T TR B AT Welh AR e fafopem
23 F HHR Fh [ A P ¥ AR
TH YHR URARS el & [Iuda Sea aeimar
T HAT &1 ANFIS &I SRS TEIRIT &
T AT Hb Bl 9eed & 3R J8a8 aman
T @S 3.6 § =i b M ufems, MLP SR
A (AT TRNREH I AT § S8k Fiehal
T TL | TR BT Whd B & g A g |
JRATI gieeehlor Y AT THTE & Sf) SAfear a0
FT FAT & | vy § ge em wem we b
fao wzq @ gan faf 99fe @t Jaerent
q F AT E

ST g1 ST g8 STTEd el aHeher o
Technical Terms
(English) et & a=
Artificial Intelligence ?’f%l":f RIRRIEY
Logistic Regression TR T qaa
Classification FAFTHTIT
Machine Learning
Algorithm HST WRT el farer
Multi Layer Perceptron Aol WY IRE
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T TRl off =1 ol qUid: Stk Tk © TR &1 S Wehd | SR UHT S hl IR L @l
7Y ot SH a=ier 9eIrena & RehR 81 S e Rier gmifaes gk g
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