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Abstract

Medical decision support-based machine learning and deep learning system is one of the
most artificial intelligence fields that are receiving intention in the current time, due to its
essential role to introduce help for physician and patients. Design of medical decision
support system to predict the risk of heart failure is very essential part since it saves patients'
lives and helps physicians to guide the path of cure. In the current research, we introduce a
medical decision support system for heart failure patients to identify the risk degree using a
medical dataset consisting of 167 columns (medical information) and 2008 medical cases. In
the first step, the dataset is preprocessed and a proposed balancing algorithm is applied to
balance the classes ratios. In the second step, a feature selection algorithm is applied to
define the participating columns in the final prediction and remove the redundant ones. In the
next step, 3 different machine learning classifiers (decision trees, random forests, logistic
regression) are trained and one proposed dense-layers based deep learning model is also
build and trained. These models are built with and without optimization (the optimization is
used to tune the training parameters). In the final step, the trained models are evaluated
(before and after balancing, before and after feature selection and before and after
optimization). The experiments show that the LR model is the best ML model with 92.67%
accuracy, while the deep learning model achieves 98.61% accuracy. The feature selection
process leads to only 47.7% of the entire features. However, it caused a little bit
performance degradation but it decreased the training time by (.84 MS for each training

step.

The balancing algorithm has been validated via applying it on two different medical datasets;
the one which is used in our research and another medical one. The results proved that the
performance of the ML models was enhanced after applying the balancing algorithms in both

datasets.

Keywords: Medical support systems, Hear Failure Detection, Machine Learning, Deep

Learning, Data balancing.
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Processed Dataset

Sl b ) UL i st s

el oL is ot ¢
el el 348 <
v (Dense wlib)
Train DL models

v

o) ol ol o sl o ) Al 5 SV il dlee b

i) ¢ alsanl Las¥IRandom Search

S o Tuner s .. iUl Keras

v

Evaluate the optimized DL model
o ) Goanll ) 346 ool s

il dulee (3530 el (Baaal) aleil) 350 (46 ) J<al

Gl pahlll aae g diaca Cilahally - jiaall Gaeadl alail) z3sa J<E (7-4) <& ey
Jald e el JalS xe z3gail) araad B s Lganlad 23U
Z3sal )y s Jal o [40] Random Search il dua)lsa alasiul 5

LSS S me Lgaid Gpasdy Alsde D liiahl 820 LS DA e Gaesll alail)
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b wleain) ANGrid Search 4w jled S sl 4 Lg3s< lajlodl 8 ol
Keras i€ Jid (1« 4alic Random Search 4a€a .alY) s & 3l

g il daleal Optimizer £ Adam ek aladiul & z3gaill Compile dsy 4
i1y clib) (o High Dimensional data ¥la il g3sS Adam 4,k sl
(Ll dag pad) Wlls Lag) el Gilecd) ol (ailiadll s

il Alse & anally 5l 22 Categorical Cross Entropy laal a LS
Aoz aalis ¥ Ul (1 5 0) aaly e pals Cilial 4 Caiai (et L
2 gl GPU aladna) &g H1<s 100 z3saill cuyxs 3 (Binary Cross Entropy
asies by Patch Size =50 slae) & Cus cuyaill dulee Jal (e Google Colab
ellyg) oyl e Jal€ @15 S dady JS oyt dne 50 zisaill slhels alladll

H(Ed)lsdd) LSS (e LSS JS

[Model: "sequential 1" 1
Layer (type) Output Shape Param #
“dense (Dense) (N, 50)  esse
dense_1 (Dense) (None, 50) 2550
dense_2 (Dense) (None, 50) 2550
dense_3 (Dense) (None, 50) 2550
dense_4 (Dense) (None, 50) 2550
dense_5 (Dense) {(None, 50) 2550
dense_6 (Dense) (None, 50) 2550
dense_7 (Dense) (None, 5@) 2550
dense_8 (Dense) (None, 4) 204
Trainable params: 25,004

Non-trainable params: @

L d

LS (o paraal) Guand) abeil 73 gai djlans (47 ) JSAN
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(1) (uld cDlalad) oY) andli ddyh .6.4
1411 SV G edle st g U ) el cDabea aladil

Precision = TP/ (TP+FP

)
Recall= TP/(TP+FN)
F1-score = 2* Precision * Recall / (Precision + Recall)

)

Accuracy = (TP+ TN)/ (TP + TN + FP + FN

Ayl ‘J:ﬂ.:\d‘
ey R e e e
o ola) Blags 8 L e giley o Cpdl Galds) Jia ) clisl) s ™
asalll 8 (e Glld (aads g (Blad) o8
A Ao sligll) 1 aiall _aw el e zasalll lgiad «;‘5‘ Sluall dac P
Slall ad e clall j\ (0) ciiall dasal) & (D 5 gl YY) (al
a8 e o) 0 ciall ~@\‘;5C;M\L@mu_mumum N
slagll (1) ciall dasal) & (AT 5 gl Y (8Ll
SN Gl e (474 ) Jsaall
dadil) .6.4

s Ay el L il l Adead) bl ge b Jeadll 13a 3 Ll

AV alaig aaal) alaill Gyhy LE (e decaddl il leadly dagiadl il lsall
NGIENN - B> PREG |
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ity CihlEaY) : Gualdl) Juadll .5

G gial) g 3leal) e Ly Liah ) iially culLsal) Josdl 138 b (i peias
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S all A gl Sl e b iy chLEaY) Jeail) 3 i i peied
ey alal

Z\AJM\ ‘.ayﬂ\ Qu‘gyu,gu 2.5

%80 A lgacdi 2y A)lgally Anllaall Clilal) degeana do Lleall Cojlaall 2iw o3
Cilagylidl sda HLd) ae Aahide uy% Claglisw 6 158 S . laal %20 5wy
pod Slag bl 638 ol aul B lelen pladiuly Lgauitiy

Al clill) dsgana Ao qupal) L1.2.5

i of (90 dalleall Ll degane o AV alas Cldias Gyt dlajall 028 b
& Sl g8 ek Ju) OSal il e @Y Cpend Osay cAilsall dgles]
taalay) Slildl de gana

6Morithe Y°
3Months

Alive

e &mhj «80:20 au Hlidlg )y ‘é_'b}.ou Gjl <l dc gana 3:\.«.‘53 @
e 402 5aY) clly degana
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Stratifies K-Fold Cross Validation (gul e eaill mil (1-5) Jeaal) ek
(RF) &dlsdall L)) Chiinn e
[ Fold | Accuracy | Procision | Recall | Fi_scors | __AUC

0 0.981 0.975 0.444 0.975 0.000
1 0.981 0.975 0.444 0.975 0.000
2 0.987 0.981 0.555 0.983 0.000
3 0.981 0.969 0.375 0.974 0.854
4 0.975 0.950 0.250 0.962 0.909
5 0.975 0.956 0.250 0.965 0.949
6 0.981 0.975 0.444 0.975 0.000
7 0.975 0.975 0.444 0.975 0.000
8 0.975 0.950 0.333 0.962 0.000
9 0.981 0.975 0.444 0.975 0.000
Mean 0.980 0.968 0.398 0.972 0.271
Std 0.0037 0.0108 0.0917 0.0063 0.4150

Alsdiall L) Ciiad alaliiall gaaill (5-1) Joaal

Gesane o lguyn 8 ) A Cliiad) Gasall mim (2-5) daaad) el Led

HA3lse (o il

sy | s et e e

0.989 0.981 0.569 0.985 0.286
LR 0.964 0.961 0.35 0.962 0.165
DT 0.986 0.988 0.714 0.976 0.249

Opend o Alse (g dallaadl Ll degene o L) @ (5-2) dsaal
oyl Al 8 Lgale alae¥) Ko Y AN Z3lall of (1-5) Jsaall (e iy an

538 axe i Jllg AUC el dabiiall adll s d)lge g lblull degana e
sy Gl p Guall e Al sda b Ciliieadl) s3a

58



True label

‘(Hyperparameter) Al Clalaall At reo Al Zalaill cuyd Balel Liad o

) peitial) il

LR
DT

9130.9
6640.9

9070.9

810.98
230.96

730.98

76280.
6820.3

2290.7

LY pe ldieaal) cuy il (5-3 ) Jsaal)

940.98
400.96

8870.9

5940.2
7730.1

2940.2

Gilalaall Al ()52 aa cdyaall 7 3laill il Cilgpone it Jall (KAl ek Lod
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True label
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RF

SMOTE aladialy Lijlsall ga il .2.2.5

L8 alaAtal )gel) dadee ket ) 2y 23 (80:20 adlgy Hlodly cuyS Jesene

LY LY Glie 2 dielias & Guay oyl Gl degens JAeSMOTE
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(classification report) dalud) z bl cuyx il il K& jeda Laid

precision  recall fl-score  support precision  recall fl-score  support
9 9.97 1.09 8.99 391 0 0.97 9.99 .98 301
1 0.00 0.09 0.60 7 1 8.17 9.14 8.15 7
2 9.00 0.00 9.00 1 2 0.08 0.0 0.00 1
3 0.00 .00 0.00 3 3 0.00 0.00 .80 3
accuracy 8.97 4872 accuracy 0.9 402
macro avg 8.24 0.25 8.25 4872 nacro avg 0.29 8.28 0.28 407
l«IEightEd avg 8.95 8.97 8.96 482 weighted avg #.95 0.9 6.9 467
RF LR

precision recall fl-score support

5] 8.99 .99 8.99 391

1 @.88 1.00 @.93 7

2 2.50 1.0@ @.67 1

3 1.9 .33 8.50 3

accuracy 8.99 482

macro avg 9.84 8.83 8.77 482

weighted avg 8.99 8.99 8.99 492

DT

Aslsal e ganall o dpaall N cilitadll Gt il ((4-5) Jeaal) ek Lo

0.9726 0.9460 0.9726 0.9591
LR 96280. 95090. 96260. 95670.
DT 9000.9 9160.9 9000.9 8930.9

SMOTE alaiuls 5jlsall cililal) desane o 3antll milis (5-4 ) Jsaal)
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Vs cciaill iy ccndall cligias ) il 55€ je el L zdlal) o Jaads
Gl Al eyl e e Capall 3 calis gl JaaDlally elgale alaie ) Ko
Shall a8 e ladl 6l 0 Coiall (o lgalana Ciyiay caaliy oslisl e s Jia

ol eyl A (3 g Al Clabaall Al pe Analadl 2 3l Cuyi Bale Ly Slld 2ey Liad
00l

Max—depth: [2,3,4,5,10,15,20,30]
Criterion: [Gini, entropy]

Class—weight: [Balanced, none]

Solver: [sag, saga, newton—cg, Ibfgs]
Class—weight: [balanced, none]
C:[0.001,0.01,1,10,100]

Penalty: [11,12]

L) Cilabeall 305 (5-5 ) Jsaal

degena o Al 2ilall codill Cligiasy ¢AUC cilalais (4-5) JSall ek
A Clabeall A) pe &3)gall syl
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(classification report) dalud) z bl cuyx il il K& jeda Laid

precision  recall fl-score  support precision  recall fl-score support
8 0.98 1.00 8.99 391 0 0.98 8.9 8.97 391
1 0.60 0.43 0.50 7 1 8.36 8.57 8.4 7
2 9.00 0.00 .00 1 2 0.0 0.60 0.00 :
3 .60 0.60 0.00 3 3 0.0 6.08 8.00 3
accuracy 0.98 07 accuracy 8.95 482
macro ave 0.0 836 0.37 102 ,mi”j avg g 0 0B 4oz
wighted avg 0.7 0.8 0.7 402 veighted avg 0.6 0.5 0.5 4%
RF LR
precision recall fl-score support
) 9.99 .99 6.99 391
1 1.806 1.68 1.0
2 8.89 0.0 a.ea 1
3 8.25 B.33 a.29 3
accuracy 8.98 482
macro avg 8.56 B.58 a.57 482
weighted avg ©.98 6.98 .98 482

DT

S lalic Gy (cbll) de gansa & sqﬁys\ Glial) e Julal) aaall e Gllig (342
bl (s sale) 4 )laa

0.9761 0.9659 0.9776 0.9714
LR 94520. 96360. 94520. 95390.
DT 8250.9 8440.9 8250.9 8340.9

A xe SMOTE aladiudy sl zibs (56 ) Jsaall
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Ol dsailsd O g AT alad cldiaae a8 .3.2.5
Ol Daaled aladind (ygan A jiaall ADEN AN alad Cildias )yl dgall 2o & &

ModeI/Metrlcs Recall % F1_score %

80.5 75.2 80.5 7.7
LR 80.9 73.7 80.9 76.49
DT 87.1 80.1 87.1 83.4

a3 (33 Apaal) AV abes Cliias Laa) gl (75 ) Jaal

= Google Colab & fauas (o AN ales dalil jlad) w3l (5-5) J<al) sy
g JSI Confusion matrix caéall <lé gaaa

350
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200

True label

150

100

0

RF

350
300
750 250

200 200

Tue label
Tue label

150 150

100
100

Predicted label
Predicted label

DT LR

Cpeand (o Anyaall EDN AN ol 3l Confusion Matrixes el Clégias (F-5 ) J<all
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LAl Sl 8 camas 2D 2 3lall sl ddsiaas of (5-5) JSA (e el Gaa
LSALJ a0 Lsﬁ L.Jl&n%j (‘)@au\ (5 Az bt%jﬂ\ 4JL=§9 GLQBJ\ eJK: 4J\:;) Z&J.A‘B Lijﬁi\ L)ARA&A:U
Glie juad G OSaH Al (M\ ):xc) il iea o oY) Hang ey
(2c3) U:UL\.«AJ\

(2-5) sl eia daiagall ilull Jiagill 5 Grid Search

89.1 84.39 89.1 85.89
LR 92.67 94.89 92.67 93.16
DT 85.55 83.82 85.54 84.67

dange Cpaatl) e AV alad 2 ety alad) oY) Clald ol ae il il siias L
(6-5) J<all

recision recall fil-score
: I survive 0 0 1 350
B G.88 1.8a 8.93 300
1 0.00 6.20 6.20 - » . . ) 250

2 1.00 8.20 8.46 g o
3 8.28 8.77 8.86 T - 200
2

3Months 7 0 3 0 150

accuracy 8.89
macro avg 8.72 8.52 8.56 100
weighted avg 8.84 8.89 8.86 gMonths 4 17 0 0 57 -

. f - sUrvive 28Days  3IMonths  BMonths
(muaall RF Ciiaal o)) cilulid Predicted label

ounal) RF Ciiaal cizil) 48 gdaa
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350
precision recall f1-score _ )
survive 15 9 13 300
8 1.86 8.91 8.95
5 \ 250
1 8.67 1.0 .30 " ZoDays] 0 0 0 0
2 8.53 1.86 8.69 L 200
3 a8.85 1.86 8.92 o
= 150
3IManths o (i 10 0
accuracy @.93 100
macro avg 8.76 8.98 a.
weightad avg @.9o5 @.93 @.93 EMonths 0 0 0 e 0
o

sur\'.'ive 2BDlays 3Mo;'|ths EMnlnths

Cunall LR Ciiaal o)) cululd Predicted label
Gaaal) LR Ciiaal cidal) 48 giuaa

precision recall fl-score 350
sUrvive 370 2 0 19
] 0.88 .95 .91 00
1 8.58 8.a7 8.12 250
2 1.88 a.3@ @.46 5 Bhays1 2 0 9
- S 4 200
3 8.75 8.77 8.76 =
S 150
IMonth 7 0 3 0
accuracy 8.86 onhs
macro avg 8.78 8.52 8.55 100
weighted avg .84 8.86 8.83 EManths 17 0 0 57 50
i 28D IMonths  6Manth 0
. .u £ - - survive ays lonths onths
Oaall DT Ciiaal oY) cilulid Predicted label

Gruaall DT Chiaal ciidal) ddg0aa
Ol ae Auyaall BN - 3ill Confusion Matrixes o) clisias (4-5 ) J)

@ (3aY) Grenil) didee G (6-5) JSall 8 daagall ) e ddaadll oo
saagll A<adlly (RF, DT, LR (o JSU el el cildg 38y €1 20l e Jguaall
i) gl e giall gl Ty yxien M Canpall (g o AR Alee b

DA 2 3lall (g las SSY) 8 LR z30a0 iS5
aladicl a2y %8.6 laies A8 4 it RF 23503 G JaadU ¢ HLaaY) 382 Gum (g
DT z3sai &l cim (8 %1177 hatey (s 38 LR z3ga35 ¢(AkiaYl) cppnntl) dilee

ALY alasiuls sglal (pueay Al
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z3sas ol Cpent a8 %9.19 laies RF 73501 6ld] (s Precision cus o
zoaeall Joadl) Jaes e Ju 5d5e sa5 Recall can o Wl .%21.19 jlaaa LR
LR CJ}A.\S 0/011.773 RF CJ}A.\S 0/08.6J‘J§Ag 9\3{2” u,u;;'.'\ R c)bﬂ\ ?‘;J (..U_L.s ‘:,71
LR s RF 23500 %16.675 %11.59 Jlsie 1Y) cpess F1-Score cus (s
canall e

Jead) z3saill ga LR abaiall jlasiy) z3sai G a¥) cilulidy codill lishns o
251 Calial) Caa & Ui elia &) cadil) ddsiias (e aadlis aeatl) dglae ey
IS Gun (e Juad) elY) 3as Optimized LR z3sai &1 Jall (Sar dlgs dan
copeatl) dlae b aan o)AV il

Ol Qg (Gand) aladl) C.A}u oy .5.2.5

PR L..;IA.IA JSEI) aw Cua Greall (‘J:_"J\ CJ‘SAJ ) Ll G&U (7—5) JEN eay
9 LSy cahhsall aae e (Lasd)) sjleal) aiey clhSall s Jilze Accuracy
ol yledll Jinie o s (8 Laalae V) diad il Lo 2ty 38 e of el
LY il Al bl sae 5ab) as
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Train history

Training and validation acc Training and validation loss
100 ® Taining acc ’ L @ Taining loss
— Validation acc ° 35 — Validation loss
0.95
30
0.90
25
0.85 20
0.80 15
0.75 1o
05
070
. 0.0
0 0 P & & 100 0 2 a & & 100

Loss sludll jaiy Accuracy 5 gaia tapsl) ddee z3l (55 ) J<al

.%98.61 Lol d8yg %98.02 asd dyg %99.07 uyx &8y e lilias daa
S GliaY) o) iy G Gaeal) aleil) 3 gail Ciudill A giian (8-5) JSall miasy
slall a8 e clad) o Survive Caia o s 8 sladl & aan Y sl Cllillg
bl Al L hla JC Ciia Glie Ty msia K0 Gila e 384 el
08 Greal) alaill = 3sad canyS dubead Aubuaitl) 5t (9-5) Jpanll (paaiy Aubuuaitl

.Random Search [juas dua))led Guk

e 1 2 ) -
300
. 28Days 0 30 0 0 250
[F]
E 200
L1]
. 150
IMonths ] 0 10 ]
100
EMonths 0 0 0 74 50
]

survive  28Days  3IMonths  6Months
Predicted label

Random Search juwaill ) )lsa Gk Jd Gaeal) alaill 7 3gai) cinal) ddgans (6-5 ) J<al)
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Type of Validation Test Accuracy
Precision % | Recall % | F1_score %
calculation | Accuracy % %
100 98 99

Class 0
Class 1 97 100 98
Class 2 83 100 91
Class 3 95 100 97
Real
98.02 98.61 98.72 98.61 98.63
Values
Macro
98.02 98.61 94 100 96
Average
Weighted
98.02 99 99 99 99
Average

Optimization jueaill Llee Guki Ji Cdall Gaaall aladl) z3gai jlidl &8l (9-5 ) Jeaall
(0) ciall IS 28 Cun o Ciiatll didae 3 Ciia Juadl & (9-5) Jsandl cow
Gl Al i ST IS ailiue aae G S ek 13ag

:(SMOTE) Juill sale) aladinly cuyail) .6.2.5
Glie dae 83b) A duay @bkl degane JSG Balely goyliad) 238 3 agiin s
AR el A86Y) ddee L35 25 eyl JE Cia JSU e 10 laiey LYY

(ALY U gl
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ey
-
300 s
l”
-
_ 28Days 1 B3 9 o 1] 250
[
=2 ]
a2 200 z
F
3
RF IManths 1 10 ] o ] 150 S
=
100 — ROC curve of class 0 (area = 0.88)
—— ROC curve of class 1 (area = 0.99)
—— ROC curve of class 2 (area = 0.90)
BManths 4 30 0 ] ] 50 ROC curve of class 3 (area = 0.56)
= = micro-average ROC curve (area = 0.94)
= macro-average ROC curve [area = 0.83)
00 . - T -
T T T T 0 00 02 04 06 08 10
survive  28Days  3IMonths  EMonths False Positive Rate
Predicted label
ROC Curves
) 350
survive a o 0 10 =
-
300 //
08 k-
250 e
_ 28Days 37 T o o o
(1] B 7
8 200 £ 06 ~7
p :
3
£
LR = onths { 10 0 0 0 150 i
100 ROC curve of class 0 (area = 0.87)
ROC curve of class 1 (area = 0.93)
0z ROC curve of class 2 (area = 0.82)
EMonths 4 26 0 0 4 50 ROC curve of class 3 (area = 0.81)
micro-average ROC curve (area = 0.96)
macro-average ROC curve (area = 0.86)
T T T T D 00 ¢ T T T T
] 00 02 04 06 08 10
survive 28Days  3IMonths  &Manths False Positive Rate
Pradicted label
350
survive 1 0 20 ROC Curves
300 e
aanrtt " ’r’
et L .
250 aevt .~
_ 28Days - 0 il 0 3 0.8 [aee . -
w "
-
2 200 g b -~
; < 06 N o
2 . -
= 150 P -
DT IMonths { 10 0 0 ] i e
& 04 {) e
100 1 g
.
[ /’ —— ROC curve of class 0 (area = 0.95)
e —— ROC curve of class 1 (area = 1.00)
0z e —— ROC curve of class 2 (area = 0.63)
EMaonths 0 0 0 30 50 o ROC curve of class 3 (area = 0.98)
i = = micro-average ROC curve (area = 0.99)
- = = macro-average ROC curve (area = 0.89)
0.0
0 00 02 04 06 08

survive  28Days 3IMonths  BMonths
Predicted label

) Js SMOTE alasiuly Ju€eaal) salely qupall il (5-7 ) J<al

72

False Positive Rate

10



precision recall fl-score support precision recall fl-score

] 0.79 1.00 0.88 391 a 9.84 0.98
1 1.80 8.12 @8.22 74 1 9.80 0.50
2 0.00 0.00 0.00 10 2 0.00 0.600
3 .98 0.68 .08 30 3 1.00 8.13
accuracy 8.79 585 accuracy
macro avg 8.45 8.28 .27 585 macro avg B.66 B.48
weighted avg 8.76 B8.79 8.71 585 Nej_ghted avg /.83 f.84
RF LR
precision recall fl-score support
2] a.97 8.95 9.96 391
1 a8.99 8.96 8.97 74
2 .00 @.00 0.00 10
3 @.57 1.00 9.72 30
accuracy 8.93 585
macro avg 8.63 8.73 8.66 585
weighted avg 8.93 ©.93 ©.93 585
DT
Model/Metrics Accuracy Precision Recall F1_score
RF 0.7920 0.7568 0.7920 0.7143
LR 0.8376 0.8273 0.8376 0.8035
DT 0.9326 0.9320 0.9326 0.9285
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precision recall fl-score  support precision recall fl-score  support

] @.90 1.8 @.95 391 %] 1.008 .95 8.98 391
1 1.09 2.89 9.94 74 1 8.91 1.00 8.95 74
2 1.00 0.1 @.18 10 2 Q.77 1.60 a.87 10
3 1.09 a.13 9.24 30 3 8.77 1.00 0.87 30
accuracy 9.91 5a5 accuracy .96 585
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precision recall fl-score  support precision
] 9.81 8.99 9.99 391 ] 8.85
1 9.93 8.34 9.50 74 1 8.78
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Model: "sequential”

Layer (type)

Param #

dense (Dense)

dense_1 (Dense)
dense_2 (Dense)
dense_3 (Dense)

dense_4 (Dense)

Total params: 67,844
Trainable params: 67,844
Non-trainable params: @
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Random Search peail) dua)lss Gl aay Gaead) aleill #3gail cindall dgias (/3-5) J<a

Type of Validation Test

Precision % Recall % F1_score %
calculation | Accuracy % | Accuracy %

Class 0 99 99
Class 1 97 100 98
Class 2 91 100 95
Class 3 96 97 97
Real
99 98.61 08.64 98.61 08.62
Values
Macro
99 98.61 96 99 97
Average
Weighted
99 99 99 99 99
Average

Optimization Gl dolse ks 3y ysall Ganl) alaill z35ai JLaal ilis (72-5 ) Jaal

84



CaliaY) lad] G Guenill Laleal Gy Coprdl) z3saills Galall (12-5) Jsaall o

cilacd) JLIA) e Buaad) alail) 7 3gai .10.2.5
(QM\ HLAY dac )l Ql.éji)l.\:\u Bz o) s jf)\.\fud\ \JA)
z 35aill 138 (a0 e AT alad o M (e Juad] Tl Jaed gaeall alaill 2 3gai & ()6

sec Gug bl degana saec] puaa (u Correlation Lali)¥) ciles &3 .1
.death axgl)

0.02 & 0.08 £ 0.05 (e lan jlad) dsie Gaki 2.2

2 ady sgladll (385 5)08all hlacdly (read) alail) 2 3sad (uyi 1y 3
o 31 o il oda Gk daiy Jeasl) 8 Gus <0.05 dge die deall iy 3
Colanadl 038 223l Braad) aleill 2 3sad Cuyi I aay 5 25 139 Jual (e (Aaals)
Gl alaill gas &y (ating Gaaill Cuytil) degana (o %20 avadill dajy el
&5 0.02 doe aladial ae S Ayl et sale) o @ Lol il el piahly el
(16) e Llas 0.08 dic ticy bt dau (55) Lo Ulas 0.02 dic xc .0.08
Jag das

sxiag ShLS ae Al Jaie eday Gus cupul) Adee il (14-5) J<ED G
Sl (miai) 38 £l o glay Lol 2 3saill e Aasess Ajlhary )il ae 8yl

85



100

0.95

0.90

0.85

0.80

0.75

070

Train history

Training and validation acc

Training and validation loss

- 25 .
@ Taining acc F"' ’ L] @ Taining loss
— Validation acc ‘&- .“‘ °* — \Validation loss
. bl L]
[ ]
. 20
15
10
05
0.0
o 20 40 &0 80 100 o 20 40 60 80 100
()
Train history
Training and validation acc Training and validation loss
100
® Taining acc 144 @ e Taining loss
— Validation acc oy —— Validation loss
0.95 12 ]
0.90 101
0.8
0.85
0.6
0.80
0.4 4
075 024
oo I. T T T T T 0o T T T T T T
o 20 40 60 80 100 o 20 40 &0 80 100
(<)
Train history
Training and validation acc Training and validation loss
Loo @ Taining acc . ° L] # Taining loss
—— Validation acc 25 —— Validation loss
095
20
090
0.85 15
080 | og® 10
L] L]
075
05 °
070
b 0.0
0 20 40 60 80 100 o 20 40 &0 80 100

(=)

dge () 0.02 e (1) raie taal Clowdl e Coaal 730l G 2o wo Hleally Bal) Gliaie (745 ) J<A

0.08 ise (=) :0.05

86




(13-5) Jsanll oo ccpnad) zasall o LoVl degens Lol damil Luall W
G 8 -0.08 &5 0.05 &5 0.02 die aladind Jia 8 z3sall G ¢l 3 45l
J\z\:\;‘)f Gliie Bae die é:maj\ (J::\M CJ}A.J v | U'_alﬁjﬁ..‘a.q (15_5) J<a) C_.\Aﬁ

LSaladd)
Accuracy | Precision | Recall | F1_score | Training
Model/Metrics
% %
Original Dense 4.55
138 98.6 98.72 98.61 98.63
model ms/step
With FS/ 3.72
55 96.8 96.84 96.83 96.79
Th=0.02 ms/step
With FS/ 3.71
31 95.8 95.77 95.84 95.79
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SMOTE optimized RF

84.39 89.1 86.89
model
MUDSFC optimized RF
88 90.6 88.96 89.39
model
SMOTE optimized DT
85.55 83.82 85.54 84.22
model
MUDSFC optimized DT 82.17 79.69 82.17 80.9
SMOTE optimized LR
92.67 94.89 92.67 93.16
model
MUDSFC optimized LR
95 95.74 95.05 95.1
model
SMOTE optimized Dense
98.6 98.72 98.61 98.63
model
MUDSFC optimized
98.68 98.73 08.68 08.68
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