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Thrombosis is the main cause of blood clots that obstruct the flow of blood in an artery
or venous thrombosis. Thus, venous thromboembolism (VTE) is the most serious cause of
cardiovascular disease. Furthermore, this disease is a leading cause of death in Thailand because of
a lack of caution and understanding. In this research, an automatic diagnosis model was proposed
by using effective machine learning to predict the important risk factors for VTE. The raw data were
collected from the medical ward at King Chulalongkorn Memorial Hospital, Thailand. Before the
analysis, this data consisted of 1,290 rows and 65 columns that were analyzed, solved, and
transformed into prepared data. By resampling algorithms to import into each model, this research
splits the prepared data into the training dataset and the testing dataset with a ratio of 75:25, 70:30,
and 67:33. In these experiments, this research compared the effectiveness of the three machine
learning models, consisting of Adaptive Boosting (AdaBoost), Random Forest (RF), and Extreme
Gradient Boosting (XGBoost) to find the best diagnostic model. According to the experimental
results, the Random Forest model was computed by the class weight and oversampled by the
sampling strategy with 0.50 technique is the most efficient model to represent the prediction
accuracy of 99.61%. Therefore, the Random Forest and the proposed setting will assist medical
doctors in determining the risk of symptomatic venous thromboembolism. In addition, the proposed
model can be used to forecast the likelihood of VTE based on a combination of the important risk

factors.
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Embolism

Pulmonary Embolism
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Risk factors Relative risk P-value
(95% CI)

Autoimmune disease 11.83 (3.89-35.97) <0.001

Solid tumours 4.66 (1.84-11.79) 0.001

Family history of VTE 120.28 (6.89-2101) 0.001

Varicose vein 40.09 (3.75-429.27)  0.002

Qestrogen 17.08 (1.18-248.20)  0.038

95% Cl, 95% confidence interval.
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2.4.2 97U238L3249 Predictive and associative models to identify hospitalized
medical patients at risk for VTE (Spyropoulos et al., 2011)

a o d” a L) I QI A o A o v
mm@ﬂm:ﬂimu@umn%‘mmmm@@m@mmu‘luu@ﬂm@@mm TneldAz i

'
a A

ﬂﬁ‘::l,ﬁumwLf?vlﬂmuLa@m@mﬁusl,um@ma@mﬁ’]ﬁﬁﬁumﬁﬂm meumua‘mﬁ@mqmﬁu
luvaasidensifiegszuinaniainelulsanenina  (Intermational  Medical  Prevention
Registry on Venous Thromboembolism: IMPROVE) Inedimsnziidayaainiilozaiuan
15,156 el 12 UszimAuazlsanening 52 uie iemngiinisnfazantesdnidenga s
Tusaa@esalutdona 3 e anniadifunisinenlunisfienuus 3 hewgn
szifiulae1498 Kaplan-Meier wsiiflesannsrazinanininuEalulsamening liwindu uay

I ¥

Tlddihaynmenideya 3 weu asldnisinszinisnnnesngniaes Cox iiasyyilade

Do e

a

dl QI A o A o ndl a
mmm:mmmL@@mqmmﬂuummmemmﬂu@mz

szanslueuddeuas (Tapson et al.,, 2007) auunlaiil iwanee 50% ae

v
o )

gauredenyedn 68 I dpaguresiwindtegi 69 Alandu srezaindnuisalu

Tsanenunads 7 44 Asnanilsznay 7 naznienisunnemnuiaslungudeya laun taa
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AR (32%) namnaladuingn (19%) waznzids (12%) gihamdulsaialamndy 37%
1e9anuIutlszanidne (lsaialazniden 12% nazivladuman 11% nnaziialagu
14%) uazijihalsanaanidenanasnniilu 6% waz 4% weadthaniilszinauaangasiily
A o 1 v agll o dl 1 U L2 ij/
waenAenANauntY uay 2% udunineswiauans angilaevianun 13,172 9

(87%)

Patients

Characteristic (N=15,156)
Women, % Sl
Age, y 68 (52-79)
Weight (No. = 10 433), ke 69 (59-81)
Length ul'!]u:\'E}ilu] stay, d 71(5-13)
Immaobile for =7 d, including days immediately 19

prior to admission (No. = 15,125), %

Time immobile (No. = 1,169), d Ell'L'.ltIIIIi‘\h:il.J]I 3(1-15)

nwdsEney 7 uanasienuan iz naumin

dilhadoulun) (98 aIn 143, 69%) HenisdxdengasulunaenAann)
el 30 Fundsannidnsunisinmlulsananuna (Fnsdeugau 16 ) wazutiiugiloed
Aeen1sazdfunisinweglulsmenuiaaiuan 79 918 (55%) HiaaniineIn1Ivas

AANANIFINETLIAANUIU 64 918 (45%) AINAIAL AINIWLIZNaL 8

Days Alter

|l:|..\||i1.1| In-hospital VTE Postdischarge VTE AIlVTE

Admission (n="79) (n=64) (N =143)
1-7 12 (53) 0 42 (29)

8-30 32 (41) 24 (38) 56 (39)

31-60 51(6) 23 (36) 25 (20)

G1-491 ] 17 (27) 17 (12)

nwilsznau 8 uanseanisaNiaananfulunaandanaadFunsinE lulsanenuna

¥

LULRNABNNIT0ANRENANIEY Cox fudiae 15,156 s1efideyansudon
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VTE Risk Factor HR (95% CI) X2 P Value Points

Previous VTE 5.0 (3.53-7.8) 33 <001 3

Known 5.2(1.3-21.5) 5.2 02 3
thrombophilia

Cancer 20(1.3-3.1) 11 001 |

Age =60y 1.8(1.2-2.7) 8.5 004 ]
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2.5.1 1498309 Automatic Diagnosis of Venous Thromboembolism Risk
based on Machine Learning (Sukperm et al., 2021)
NUAREN  aFuLLAIaeINPtadaanNdaNsanisnialsnaNas agasuly
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Positive) Ha1uau 27 918 Andly 2.09% aesdeyarisunn uazdihenliiulsaduaengn

Fulunaaniaana (VTE Negative) Hauau 1,263 918 Aailu 97.91% 1a9dayananun 69

Awisznau 10

VTEpositive (1)

YWTEnegative ()

nwisenau 10 uaasanuugthaniiulsrauiaangasis VTE positive(1) uazldiiulsnas

InangARY VTE negative(0)

o o o dl dl v o/ v 1 a o &/ Y o ¥ -dl
g miunisdansilymiinesdesiudeyasie  sadeladanisdasyaindy
AN Taelduannasimneuel (Fill missing values with zero) Weasaindayanuldusazse
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Finalox Comorbid Procedure Death CauseofDeath Autopsy ODischargeDate

255
28

276

SLE Myelopathy 0 0 8
1 1 1/672
FinalDx Comorbid Procedure Death CauseofDeath Autopsy DischargeDate
Nephrotic - 528 668 383 0 0 0
oth syndrome,
sstreptococcal 0 0 0 512812009 239 316 383 1 1 1
seplicaemia
- 468 738 132 0 0 0
140 304 146 0 0 0
Cellulitts 0 0 711472009 536 861 146 0 0 0
Secon py Computerized
malignant axual
neoplasm of tomography ] 0 0 11/22/2008
bone and of abdomen
bone andh

nwdlsznad 11 Label Encoder

iHasannanuugieniilulsnduaangasuluvaaniaanni (VTE Positive) §

Auan 27 9g Asdu 2.09% wedayaniving MazinaiunisafisuuLataed vinlian
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wityundeyalianna Tapazldvisunn 5 35lAun  Oversampling, Undersampling,
Synthetic Minority Oversampling TEchnique (SMOTE), Class Weight way Ensemble

Sampling

A7UNANNINAABINLIAILLILAIABY Decision Tree uazldaanisliumnuanns
we3dayane Class Weight @9azliipn Sensitivity iU 0.25 (25%) A Precision winri

0.22 (22%) waz AN F1-score WNNU 0.24 (24%) Aaninisenay 12
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Balanced Evaluate Model Decision Tree Logistic Neural
Method Regression Network
Class Weight Sensitivity 0.25 0.75 -
Precision 0.22 0.06 -
F1-score 0.24 0.12 -

Awilsznad 12 Decision Tree

2.5.2 9142381389 A Machine Learning Approach to Predict Deep Venous
Thrombosis Among Hospitalized Patients (Ryan et al., 2021)
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INNTULAA T HANNANNUENAZIANNAHNIALNAIMSY VTE NNty sennilsznayl

13
DVT SHAP Plot, 12 hrs Hoh DVT SHAP Plot, 24 hrs Hioh
VTE History Lo .o Cancer —.—1-’
Concer it VTE History ’-‘ -
INR? —— INR? -.—T.-
HR! *— AINR! ? -0“-
Bilirubin? 4 HR? +—-
Age - Epinephrine Dosage* —f
HR — 2 Weight I 2
s s
Urine Output 8hr Avg? —ip— ¢ Urine Output 8hr Avg? —+ ¢
A INR? ? * :3 Antibiotics' * ;é
Norepinephrine Dosage’ '— Bilirubin? 4)
Temp? +— A Pulse Pressure® ! {b—
Antibiotics? ‘ Epinephrine Dosage -{i—
Weight ‘— A Norepinephrine Dosage* * —
FluidBolus® —‘ Age —{}-
Epinephrine Dosage’ {— Urine Output 8hr Avg* —4}-
T T T T T o Low T T T T T Low
05 00 05 10 15 20 05 00 05 10 15 20
SHAP value (impact on model output) SHAP value (impact on model output)

Anilsznat 13 DVT SHAP Plot

ANNSUNIINUIEANHLAENNAUBNAININULL 12 Faluauaziuy 24 dolug
ANNNIDAUUNANNIALNLAZTBSIUNNITN Invasive Test mugtlaildanduls uazaiunsn

Fefunisudesnaadaan lamaavaie N

253 aﬁuaﬁ'ﬂL?:ﬂa Machine learning to predict venous thrombosis in acutely ill

medical patients (Nafee et al., 2020)
Ensemble Learning WumsBeuddesnmmilifinunisaapziues
Predictors 514°] #9l1aniisuiiaz1d 10-Fold Cross Validation 3244 Elastic Net, Extreme
Gradient Boosting, Random Forest , Bayesian Logistic Regression Wag Simple

1 1 v 1
Classification Tree Tnsinuuanaaddannile (ML) azldsiaulsianun 68 fa Selsznavusas

¥

fautlsiuguisnanielugadeyanimaass APEX §iuuuuanaessianass (ML) ax
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TdFuls 16 daniaudrAtynewduiadedesduiuaniaengasiuluvasnidannn G950

119919 16 FntiifudqunilarasAzuu IMPROVE

dsz@vininnisinunegnilieumeudoanisdssiliuneatauuy  c-statistic

WAE bootstrapped test wazlin1Inadauaas Hosmer-Lemeshow Lﬁ@mmmuﬁmﬁﬁﬁmmq
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o

alm duan1magau Hosmer-Lemeshow ldfsladndty (P > .05) uwansldidiudonanng

o o

nedaLaLna widuanimaaaundnAty (P < .05) wansliiviuiananimmagaui ldn

Anwouriuguuaznaansreshenamsieulunimeass APEX uansldfd

Awisznau 14

Overall No VTE event VTE event
(N = 6459) (N = 6052) (N = 407) Pvalue
Age, v, mean (SD) 76.31(8.28) 76.26 (8.21) 77.05 (9.22) 06
Male (%) 2924 (45.3) 2732 (45.1) 192 (47.2) A6
Weight, kg, mean (5D) 80.55 (19.20) 80.62 (19.24) 79.46 (18.66) .24
BMI, kg/m?, median (IQR) 28.40 (24.90-33.20) 28.40 (24.90-33.20) 28.40 (24.35-32.40) .20
Duration of hospitalization, days, 10.00 (8.00-14.00) 10.00 (8.00-14.00) 11.00(8.00-15.00) <.001
median (IQR)
Creatinine clearance, mL/min, 71.23(32.92) 71.41 (32.89) 68.56(33.29) .09
mean (SD)
Race, n (%)
White 6063 (95.5) 5686 (95.6) 377 (94.5) 003
Black 116 (1.8) 104 (1.8) 10(2.5)
Asian 13(0.2) 11(0.2) 2(0.5)
American Indian 710.1) 7(0.4) 0(0.0)
Pacific Islander 1(0.0) 0 (0.0) 1(0.3)
Multiple 44(0.7) 43(0.7) 1(0.3)
Other 104 (1.8) 96 (1.6) 8(2.0)
Using strong P-gp inhibitor, n (%) 1161 (18.0) 1091 (18.0) 70(172.2) g2
D-dimer, median (IQR) 1.24 (0.65-2.25) 1.20 0.63-2.15) 2.05 (1.04-3.78) <001
History of cancer, n (%) 759 (11.8) 498 (11.5) 61 (15.0) .04
History of thrombosis, n (%) 512(7.9) 420 (6.9) 92(22.6) <,001
Chronic heart failure, n (%) 1470(22.8) 1376 (22.7) 94 (23.1) 91
Acute infectious disease, n (%) 1009 (15.6) 940 (15.5) 6% (17.0) A9
Severe varicosities, n (%) 1201 (18.6) 1128 (18.6) 73(17.9) 77
Hormane replacement, n (%) 5910.9) 53(0.9) 4(1.5) 43
Inherited or acquired 710.1) 5(0.1) 2(0.5) Ao

thrombaophilia (%)

nwtlszna 14 anmairiugIukazEaanresgsanamzdaulun1maaes APEX

WULAA89 ML HA1 c-statistic WU 0.69 WAZULLANA8Y ML HA1 c-statistic

v ! ]
Wiy 068 Teevivguansliiiiudeanuainisoniniendiazuuy IMPROVE G9iAY c-

statistic 1nfiu 0.59 (P < 001) Lmuﬁfmmﬁmmﬁmiﬂﬁ

panntlszney 15 (3 A)

1
o & v o

UANARIENU

IpeINAl P windy .28
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(A) ‘ o ) i (8)

1.00 { 0.5
Ny — IMPROVE
— rML: 0.68 - ML
0.4 — ML
0.75
2
2> § 0.3
£ <
g 0.50 §
o 2 02
ML vs. IMPROVE: P <.001 8
0.25 4 rML vs. IMPROVE: P <.001
0.1
ML vs. rML: P=.639 ML Hosmer-Lemeshow P = .06
rML Hosmer-Lemeshow P = .44
IMPROVE-VTE Hosmer-Lemeshow P < .001
0.00 0.0
1.00 0.75 0.50 0.25 0.00 0.0 0.1 0.2 0.3 0.4 0.5
| - Specificity Predicted Value

Andsznau 15 wapan1aTauiiay ROC curves 2184 Super learner model (ML) L@

Reduced model (rML) Wisiufiu IMPROVE score

v
g1l B uuudnaesvisaasuans Wiiutsnanaannimagaslaanisld Hosmer-
Lemeshow (P = .06 WAY P = .44 ANA1AL) MN19msaiudne Azl IMPROVE latai lia

1N (Hosmer-Lemeshow, P < .001) agnwilsznay 15 (B)

= o A 9t o ° Y o
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nwisznay 16 Inausasansziaznaansredsiaeluniay Tertile

20 4 H : H

151

B Lowest Tertile (Low Risk)
Middle Tertile (Intermediate Risk)
W Highest Tertile (High Risk)

. PatlentA Ll
P11 U

Frequency (%)
5

0.0 0.2 0.4
Super Learner Predicted Probability

o ¥
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ANMIALN Tertile ANgAsaNANMIALNANANTTRIldsENdNg 0 S 3.3% Tnad

AYNIALRITRE TN 2.7% ANNIAEN Tertile NABIUAANTNANINIAENIZALNANGINA >3.3% -

<5% TnedAlsegIu 5% AvNdes Tertile Aganiimanisnild 2 5% TnadAndsegiu

7.4% panwdsznay 17

Treatment with betrixaban, n (%)
Treatment with encxaparin, n (%)
Primary outeome event, n (%)
Age, y, mean (SD)

Male (%)

‘Weight, kg, mean (SD)

BMI, kg/m?, median (IQR)

Duration of hospitalization, days,
median (IQR)

Creatinine clearance, mL/min, mean

(sD)
Race (%)
‘White
Black
Asian
American Indian
Pacific Islander
Multiple
Other
Use of strong P-gp inhibitor, n (%)
D-dimer, median (IQR)
History of cancer, n (%)
History of thrombosis, n (%)
Chronic heart failure, n (%)
Acute infectious disease, n (%)
Severe varicosities, n (%)
Hormone replacement, n (%)

Inherited or acquired thrombophilia,

n (%)

Lowest tertile (N = 2103)

1031 (49.0)

1073 (51.0)

58 (2.8)
73.83(7.24)
988 (47.0)

85.17 (20.56)
29.60 (25.90-35.50)

9.00 (7.00-13.00)

75.84 (33.15)

1996 (95.7)
37 (1.8)
4(0.2)
2(0.1)
0(0.0)
14 (0.7)
32 (1.5)
383 (18.2)
0.69 (0.39-1,11)
217 (10.3)
2(0.1)
500 (23.5)
313 (14.9)
475 (22.6)
4(0.2)
2(0.1)

Middle tertile (N = 2135)
1036 (48.5)
1099 (51.5)
109 (5.1)
77.23(7.40)
967 (45.3)
78.53 (17.48)
28.10 (24.60-32.10)
10.00 (7.75-14.00)

6993 (31.32)

1992 (95.1)
35(1.7)
7(0.3)
3(0.1)
1(0.0)
18(0.9)
39(1.9)
352 (16.5)
1,24 (0.76-1.83)
275 (12.9)
13(0.6)
467(21.9)
356 (16.7)
312 (14.6)
14(0.7)
2(0.1)

Highest tertile (N = 2221) P value
1140 (51.2) A5
1081 (48.8) A5

240 (10.8) <.001

7778 (9.40) <001

969 (43.4) 09

78.11 (18.468) <001

27.50 (24.20-32.00) <.001

11.00 (8.00-15.00) <001

68.08 (33.71) <.001
2075(95.7) J3

44 (2.0)
2(0.1)
2(0.1)
0(0.0)
12 (0.6)
33(1.5)
4264 (19.2) o7
2,70 (1.52-4.37) <001
267 (12.0) 031
497 (22.4) <001
503 (22.8) 33
340(15.3) .24
414 (18.6) <001
41 (1.8) <001
3(0.1) B9

niszneu 17 wansdnsniainasiaengasuluiaeniaanm luudazilade

dmaniaifinaniaengasuluaendensndunanuly Tertle Ae 2.5% T

Tertle ANgm, 4.8% lungw Tertile Wiaes uay 11.4% lungu Tertle NN SA91AUT
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AENITANLUUNITINE
Tun1s3deafsil gadalannliunisanduneuaal
3.1 NFZLIUNIINNILLAULLANAD
3.2 mﬁqmqwﬁ’@sﬂ@ (Data Acquisition)
3.3 m@ﬁmmm‘*ﬂ’fmﬂ@ (Data Filtering)
= 1 .
3.4 N7ATEINTIDYA (Data Preparation)
3.5 NN9AFNULLANa8Y (Modeling)

3.6 N9UgziluNa (Evaluation)

3.1 NFTUIUNTVINIULDILULANAD
A1NZUNIELIUNITNNUIBIULLANABY  AZBBUNEDNNIIITNIULDILLLANADILND
= a a o 1 o aR QI ¥ o Y v
Wisuiaulszdnsninlunnvineureswiasganasan TnaBuAuaINNsidNTaya
A niuinNgd1aadasa (Exploratory Data Analysis: EDA) e ld3iasziunaanudunius
L . 6 L 1 ML .. . y
sndnesiuderine  viseladuidaanasiniiiadNAengaMl  LAYYIINNIAIIRAELIAYNN
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g7 IMULLANAIN1FUIIBILATASINUNENAANS et eiliss@VEnn  uazusiuen
WNAga InENI9IaFNULLLANaaINNIEEUIa9LATEN sznatidae 3 danason An AdaBoost,
Extreme Gradient Boosting WAz Random Forest gavineiminnistszifiuilsz@nininaes
o = % dl 3 o ak o ¥ a; 1 o
LUURNABINNIEEUFIa9LATNNS 3 Aanasoniugadayanldlun1amagausIuLILaI1aeIng
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RAW DATA
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EXPLORATORY
DATA ANALYSIS

i

{{ PRE-PROCESSING

PREDICTION
AND
EVALUATION MODEL

[ TRAINING MODEL

HYPERPARAMETER
OPTIMIZATION

No

CHECK
PERFORMANCE

PERFORMANCE
REPORT

NNUIENAL 18 LAASUHININNTIZLIUNIINNIULBAULLILANAAY

[~ ¥ s e
3.2 NM9LNUSIUTINUBNA (Data Acquisition)
a o dal % N dl Y o o c dl v
ndsetaviiudeyaveihandriunisinelulsameiuiaainand dedaya

panannazatflulWdnanaunana csv uansAabuedayarausasfaLlsAanIs9M 1



1319 1 LansAesLnedayareuiaz il

AAL puilstaya ARBLNETANS

1 No 1naf

2 Number Lmrﬁl

3 Ward warae

4 GPrivatelCU General ward 818ty
Private ward NiFit

ICU ward

5 Age A1¢E

6 Date Fufifudena

7 Sex LN A

8 Weight viuiin

9 Height A4




AN 1 (piD)
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AAL puilstaya ARBLNETANS
10 BMI FeNaANg
11 Race P RE
12 Immobilized nsldadueaeuln
13 CHF T3miialanny
14 Paraparesis PIEDUUIN 2 119
15 Cancer T9ANZLIY
16 CAType Uszinnuasuiia
17 Lymphoma LeSasaIAR
18 Hemato NzifalavisInen
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AN 1 (piD)

AAL puilstaya ARBLNETANS
19 Stage srezUadlIANTIS
20 Respirator iArastaavnela
21 COPD I?ﬂﬂ@ﬂ‘qm%ué‘/‘ﬂ%ﬂ
22 CompressionFx NszANAUNAIUNLLILE LAY
23 Infection naRALEe
24 Hemiparesis NNIBALUTIASIEN
25 BedRidden NERALRLS
26 SLE 19m Systemic Lupus Erythematosus
27 Arthritis daaniaLl

28 Surgery NNTHNGR
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AAL puilstaya ARBLNETANS
29 SType Uszlnnaaanissn
30 HXVTE sedmiilu VTE
31 FamilyVTE ATaLASINUTLIR VTE
32 Hxcancer UszdRiuuzis
33 Varicose dudanuaniian
34 Estrogen IA5uenaasluun A iU anaNAin
35 Thrombophilia AzIABARISFR9
36 Ttype 1iA189n19zaeALdasadne)
37 Platelet SLALINAALABA
38 Fat JeYaTapt




AN 1 (piD)
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AAL puilstaya ARBLNETANS
39 Nephrotic Taplafinllsius
40 @4Risk fadeifiAudeaunnngn 4 4a
41 Prophylaxis nslasuentlaeiis VIE
42 Otherindi nslasuendunisudefauesians
43 IndiType FatiTlunsldendunnaudeinrecden
44 LMWH Low Molecular Weight Heparin
45 UFH Unfractionated Heparin
46 Warfarin &1 Warfarin
47 Autoimmune TaAunnRFaLeY
48 FinalDx nsatiadalsngaving




AN 1 (piD)

AAL puilstaya ARBLNETANS
49 Comorbid Tspdiiflusan
50 Complications ANTUNTNTRL
51 Procedure FRnN3RYn
52 Death @aTimnvirely
53 DeadDate FufiAedan
54 CauseofDeath ANMANIALTIN 1
55 CauseOfDeath ANVRNNILRLTIR 2
56 Autopsy 1F5UNN9RTIRAN
57 DischargeDate 'Tuﬁ@@ﬂ@WﬂT?ﬂWHWU’]@
58 LOS sauiuiinlulsamenung
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AN 1 (piD)

AAL puilstaya ARBLNETANS
59 DateEval1 Fufinsaands Discharge 1
60 DateEval2 Fufinsaands Discharge 2
61 OPDdeath BeTRAraIannauTiy
62 OPDdeadDate SR Aaa AU

63 OPDCOD ANVMANIALTIR
64 totalDeath B NATIRT NG
65 VTEpositive N1EANIAAYARY

3.3 mfiﬁ'ﬂnsmﬁ’aga (Data Filtering)
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doyaluanuddes  wwdidufifiumusmndayatiaindihandniunissnmlune
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¥ =
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dsznavssdeyagileasiannn 1,290 18019 wazladesine) NmnldRansaniannu
dl a QI N o A o 5 o rd‘ v o o‘d‘

RE9DIN1IAANTANIRAGARLIUNASALABARNTIIINA 65 AANY T9lATaNADANITITY

AR (Class Label) 15140
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ihdayananuandirazieanilugluuy Pie Chart wudngiseidulsndniaen
gafulunaanlaenn VTE Positive dag 2.09% waziiaenliidulsadunangasulunasns

\@emAAN VTE Negative Hag 97.91% 1edasyansnun Asnanwdsznau 19

B VTE Negative
mmm VTE Positive

VTE Positive

VTE Negative

nwisenau 19 uaasanuugthaniiulsnauiaangasis (VTE Positive) wazlaiflulsnau

\aangARL VTE Negative)
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3.4.1 N199AN19AT919 (Missing Values)
A .
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. . P dl ¥ 1 ¥ o vy K
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1
=
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3.4.2 mmﬂmﬁ'@ga (Encoding Values)
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m Red Yellow Green

Red 1 0 0
Red ' 1 0 0
Yellow 0 1 0
Green 0 0 1
Yellow 0 1 0

nntlsznay 20 uansnaansnisutlasdayaliiiumaiee sae One Hot Encoding

AN (Praharsha)

3.4.3 MIANLABNAMANKMUE (Feature Selection)

Tunissuuniszinndeya (Classification) azwudiuanyistias (Attribute) 17

a o

ARANEIUE (Feature) HAwauuIn uavdanusne Aldiduamanwueiiidudiuwauun

v
o A& o

vl laianudiAnyluntsutiugnaatd  (Class)  Astiuasanilusasinnisdnlaan

[ %

1 v v 1
AN U AN ATy 19U duRauiliFanda Feature Selection TeadnnuLie sy 3 ngu

Tunjaail
1. Filter Approach \lunnsdnenAuanEuziaanIsAwIIMIATIITN B
a1aazifluAANANTUS ITnIuARs AN BT AL AR ARG Tnapuansuzilias

1
' [

FENA1AURINAIANANATY AT MR IR TR ATUAN WL ATUAN BTN ANANENATY

2

3

wnazgniun ldenusiald netanldlunisAueamnAipndAyresamudnsnissiie §
UAMEIAT Wit Information Gain, Chi-Square %58 Correlation @438n17 Filter Hazumansngaann

as dl 1= % o A o
18N17 Wrapper V]iNNﬂ’]?@?’]\‘IINL@@Iuﬂ’]?ﬂﬁmﬂﬂ AILANTTUS

v
a

¥ aa X A ° \ & A a a o= .
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q
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AsANuEIugaszFaiu ez IuABUNIAMUINIAIANEATYAE AT ANANRLS

o
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< v =K 1 o P2 % = % o :I/ aal d”d o
Aui e mmmmﬂummmgﬂmmmmm?mugmm ANUUITNITUAUNRNICANNLUNNT

oY

ApzvidayaNNAUIUNR litazuin (Pimpim, 2019)

Ipeluanudsatiazldia Threshold & Correlation way Mutual Information

Classification {l13sn13AnaanAmans Y Filter Approach

Threshold & Correlation TuenuddttiazAnaanauansuzlnagaINauauaes

¥

Tayaluusaramansueniaminnds 10% 1wl Tnanadninldaziunadne Correlation

Wamsaaaay  AaNdNiusssndnssaudssndauiiaiusaulegassuana fa dasaudls

< ¥ IS o o

AATLUMANNAZA LT ANNANAUSAY  YTaUINHANN NN UT I UARZABIN AN A NN UT U

©

' = o

Tdgasnnin wilunedfimiu veassasnudisaudstassianuduingiugs Tunsaiiisi
a = o = o o oo = 1 1 . dd‘ o a
wsBasziiey 2 v HRdnudniusiugear@undt Coliinearity wazlunsainsaudsdasy
NINN9T 2 67 HAouANRUETUgeazEFand Multicollinearity T9viagadinanIsnianagenali
o dl 6 o = dl ¥ o ?/ ¥
wuaaesi ldlunimmensaliaulsiipanaainafeuls Aetiulunisudtleymn
Collinearity % gade/lANansaunrdnsulsaanuilesia Wasannsdausdanainaiunsald

[ = o 4‘ 1
nNaknUNU muﬂmnmwuﬂm

&115U33 Mutual Information Classification 11 1i1asnnalaeld Entropy
nelsiRenlavesandivung (Target Value) Sapzuuu (Score) Nlfiuazeatflugos 0 D9 1
¥ ISP = 1o :J/ = v o o v o dl dl
fAzIUUEANge) vaneDedmanlsiuia NS iugaiusulsidmang Tamunngiag
il lwdudadelunifimesireddeys  TnasvidenanidneuziiAwITHnesfes

Score ¥1NN91 0.002 2414l

2. Wrapper Approach {luagngnimuwnieudlads Fiter WlunisAniaan
AruANEUzAen1saZlung (Classification Model) TuxN uazinilsz@nBninnisyinanu
waslunanyinTilumaitlssdnsninuinigaunldey wu  Tweaildaiaugnsias

(Accuracy) H1nA4A N1IAALAANAMANHIUYANEAaN1I RNt A TaLTY 2 wuuAe
y q q

Forward Selection lunisadelunalaaniaiiuniay 1 Aransuzdilillu

¥

[ ai |:// QI v a a dld P23 < b4 A o
1na AAANHEA ATy arnsnie ilsrAnnnnn afaziuld uazidenanans

D

o yalXx K o
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Backward Elimination 1flun1sainsiunalngldnmuaneusiiegismunnon

4
1o

wasaNiuarAee  Bin  (Eliminate)  AnanmushlidAnidlinazaudnene i

q

Use@nsnmpauisnananuzrau sell

9

Aun: (Eakasit Pacharawongsakda, 2015)

3. Embedded Approach Aaiaanamanenuzianisdesaduiagneaniuunn
PR v A A o o A ' dl
Waudladeiduaedds Filter ua¥ds Wrapper Wldinanlunistszananaiuiunds nisaen

%
Ay

[ % as a4 = v o 3’/
ARMANETUSTBNITUNTDAAD  NNITARUTATDNATUANHTUSIN Global space way Local

o Ay A A

=2 o val a a 4 ' 1 =3 as A
space e I ss@nsnanlunisAumn LLﬁl’ﬂEI’NvLﬁ‘ﬂlﬂ’m'JﬁﬁT\TEﬂ’)ll‘ﬂ'ﬂmﬂ AR NITLABNLTER

o o

o PRiyEp " LA £ \ ax o ! o
QM@ﬂEM%WiNQJﬂQ’]NH@MEIqu Lummnmu@q u @ﬂ‘ﬂ?‘l’mluﬂ’]?@’]LLuﬂﬂZ!N‘ll‘ﬂ\‘l"]J‘ﬂﬂalj@
o~ L
N (Pimpim, 2019)

Tneluanuddeilazldds  Decision Tree  hudsnnsAnaanauansly
Embedded Approach lagiaziaanAnAnHeNNAINIINesI8d Importance X1NN37

0.001 auly

3.4.4 n’l'iﬁ’l'i%@“fl"aga (Exploratory Data Analysis: EDA)
a '8 o [ '8 1 o Z// 1 (% dg/ 1 o [ [
un3aas i uduRusssudnasoudssansd 2 frauld ASmnuduiug
o v = = o/ o 6 o/ a £ dl o o Y a QI
Aunntasienls  waziianuduiusiuluiianielavesteyaniduiladani liinan1asas

wangasulunasnaanavianun Ingld Heatmap LanIua AInIwisenay 21
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age -

06
immobilized - 0.19 0.02
chf- 0.15 -0.06 0.08
cancer- 029 0.09 | 0.22 | -0.32 | oa
lymphoma - 0.2 -0.01 0.18  0.15
hemate -/ -0.36  0.01 0.27 018
respirator - 0.09 0.02 0.14 -0.02 022 012 -01% -0.2
infection - 0.16 0.02 013 010 021 014 -012 017
bedridden - 0.33 -0.06 0.15 -0.10 030 -015 -023 o014 0.21
@arisk- 0.02 002 019 001 005 003 006 002 005 0.02 _0o
prophylaxis - -0.01 -0.03 -0.01 0.01 0.03 0.01 0.02 0.01 -0.03  0.01 -0.00
ls- 003 0.04 007 -005 012 011 -011 020 011 013 002 001
ung- 023 010 006 010 007 017 025 017 006 013 004 001 0.04 --02
malignant_neoplasm - 0.02 0.06 0.04 -0.15 016 024 006 010 007 005 0.01 -0.02 0.16

vtepositive - 000 -0.04 004 005 -001 -003 -007 000 0.00 005 001

o
o
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o
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&
<
2
£
e
=
[

immobilized -
Iymphoma
hemato -
respirator
infection
bedridden -
@drisk -
prophylaxis -
los
lung -
vtepositive -

malignant_neoplasm -

nnilsenau 21 fatenisuansaruduiustasilada@asivinlififiannyanaengasis

lunaaniaanmuain131d Feature Selection Ll Threshold & Correlation

3.4.5 NMsuLvtayad usuNsHnlY uaznagay (Data Split)
Wadpnsiudeyaaiamuuienudns  wazndaninazinlilafsuuuanasanig
=

Geufresesas azsesuidayaeaniiy deyanlddamiunisilnlu (Training Data) was

yanldduiuniamegaau (Testing Data) tneaziiivdayasaudnsndau 75:25, 70:30 uav

r_")f

¥

7:33 ddayanlddmiunimaseuila uusazgadayaiu azgnldnaseuiuuuuanans

»

:I/ U U al % v a 9nl/ =
Mannmtgadayaneii uarldiiesafamen
3.4.6 NFAAMTNUTAYAT bANARNU (Handling Imbalanced Data)
A&I v a o j . . . dl Y o QI
\asanndeyaresanuldqaeBiduuuy Binary Classification #qazldauunisnau

wangasulunasndann W 2 szinn Inadangulaiiusial (nwilsznay 22)

0 An Jilhenilulsnduiaangafuluiaaniaansi (VTE Positive)

1 ;e Huenliiiulsndninengniulunaaniaanan (VTE Negative)
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Imbalance VTE
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Count
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—0.25 000 0.25 0.50 0.75 1.00 125

v 1
nidsenay 22 uansdeyatedisaaaaainlianganii (Imbalance)

AN (Sukperm et al., 2021)

A ¥

Tunsainiaifoymnaasdayaitldannaiu (Imbalanced Data) Aa giloailaiily
TsndnnangaiulunasnranmdauunInndgisenidulsnduaengasulunasniaen
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1. 38n15guNU (Oversampling) LWABN19iNAWILdRYAT0INGN TR AN

a
val o

° Yy ' o = ~ + L oo '
AMUIUUAENIN Slﬁufmu'mslﬂ@Lﬂmm‘@L‘Vl’m‘]_lﬂ@N%ﬂN@VIN@’]‘MQ%N’]ﬂﬂQ’]

U

v Y 1 o o

Faating 38¥1NN19guiiu (Oversampling) Audayanuiedmsunisilnlu uay

naaauludnsidon 70:30 uda azladasyaildlunisinduianun 903 TazuansanuInion

LAZUAINIINIBNNIENLTY (Oversampling) AIAT9IS 2
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1319 2 WAAIRNUIUTRYANBURATIAINN Oversampling

Oversampling VTE Negative (0) VTE Positive (1)
ANUILNAUNN 903 19
RNUIUNAINN 903 903

[ o

TuinddangainsGenldwiaimes  sampling_strategy  lW3BnNsgui

(Oversampling) TagiazldAnAL 0.5

F9Eing A5MN194NINY (Oversampling) AaswnsIdmas sampling_strategy
winiu 0.5 Audeyanuiiduiunisinedu uaznaaeuludnsidau 70:30 uda azlddayain’ld
Tun1sHNHURINA 903 TNAUAANRTUIUNAULATNAINIINNAENIT4NIAN (Oversampling)

AaIN13NLReT sampling_strategy WNL 0.5 A9A139 3

M9 3 UARNATUINTRYANAULAZ AN Oversampling iU sampling_strategy Winfiu 0.5

Oversampling with VTE Negative (0) VTE Positive (1)
sampling_strategy = 0.5

A1IUNBLIN 903 19

AVUIUNAINN 903 451

aa ' . aa ° o L PR
2. Qﬁﬂ'\'iq&lﬂﬂ (Undersampllng) Lﬂu'ﬂﬁﬂﬁl?ﬂﬂqququmﬂﬁﬁj@mﬂﬂﬂ@‘ﬂmﬂwﬂmﬂ

a

° . vl o o = " " e e Ao o by .
{IUIUNINNIN Iﬂmﬂqu')uelﬂ@Lﬂﬁl\‘]ﬂ?ﬂL'VﬂﬂUﬂ@iﬁJmﬂN@V}N@’]u'Juuﬂﬂﬂ']q
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o Y

Fnating 38vnsguan (Undersampling) fiu @H@ﬁl,m\izi’ﬂm*un’mﬁﬂﬂu LAy

neaauludnIau 70:30 uaa azladagyanldlunisinduiannn 19 Seazuansaruauna

LL@ZMﬁQﬂ’W‘EVT’ﬁ%ﬂ’]i‘ZﬁN@@ (Undersampling) A4/ 4

M19 4 ULARNATUINTEYANDUILAUAIN Undersampling

Undersampling VTE Negative (0) VTE Positive (1)
RNUIUNBUNN 903 19
ANUIUNAINN 19 19

3. 3§é’al,ﬂsﬁzﬁ°ﬁ"a§mﬁu (Synthetic Minority Oversampling Technique:
SMOTE) lumalianisgudantnauuuduiin uwnuiazguinnaindayaihis usazianig
o -y £ ) o a 2 A o Lo A o o R
wnvvideyatuN lniandayaisn Tsnann1sguAe unisiuawIudeyangutias

| 2 1 v
THNAUUANTY (Chawla, 2002) Tnsniaiindayalunguiaatuinlinisnszatsaeangs

1 14 v
= ] | ¥ ¥

ayalANaNAaNINTL tnevinnsguAndayanet lungudeyatiosaunn 1 A udaaIntiu

a 9 a

©

a Y v a o ' . ¥ o i
‘wmaﬁtmmmmg@lmmmmmmu K A1 (K-nearest nelghbor) LAIATUAITUANTSRIZNIN

! [ (4

(Euclidean distance) 721qn9ARgNAUANTaNAINAALNUAAYAY NaUIATEEEN9NLas

Q u

ngn sxudnAnguivAdeyalndiaes antduaaing dayanansendneandagyanguiu

a Qq

ayaIndiAenAscazn9ntasga (Haibo & Garcia, 2009)
fetg avNsduATzidayaiin (SMOTE) Audayanutidiniunisindu

waznadauludnIId9u 70:30 wan aladananldlunisdnduwianum 903 F9azuandIantn

u

NAULATUAINIINIBALATZ BN (SMOTE) AIA1919 5
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M99 5 WAANANUINTRY AN ULATNAIN SMOTE

SMOTE VTE Negative (0) VTE Positive (1)
A1 UNBLIN 903 19
AVUIUNAINN 903 903

v

4. 38 Class Weight (uagnisldminluusazsautls IaaazlianudiAny

1 v
o

[ 1 ¥ dld o v 1 1 v aa o dl v o o‘d‘ v =
ANNLUNQNTRHANHINUIRUBENITNQANTBHANNANUIUNIN meﬂum@@mﬂmmuuu
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ANHVIENAUYNNAX

5. 98 Ensemble Sampling {11259 14 Balanced Bagging Classifier AB AN

hazilureanisgueinetinereangudeyaduiunisiney  (Training Data) ¥iazgnyinly

e~

2D,

1 dl ' v o 3 Yy IS
nsvanalimunguinatindiaasiu inidagyadauannatiu

3.5 N19ASNULLUAIARY (Modeling)
Tuen13dei 1emuedsnisafuuuanaesiaanisldnisFeuirearseaana A
(Ensemble Leaming) WialisLlsz@nan1naeaiuuanasd 3amanand Nseazidannail
3.5.1 @ana3aN Random Forest
unnsgiuuuanasseeniivanee]  wuuataed  lagldnisdudeyasietig
% o v aal 1 v adal dl
andayadnaeueanunduvanes  ga A uidsnisdudeyasenuduitguuuuunuy
(Random with Replacement) ungAdNddayanisldenmnlllianasasainnisga

Feanunsngudeyanane seuiivalila Classifier nane| fa waminuweayld Classifier yn

v |
o v

A = A o o i o o X o ' . p
INA ’1<1°]JLL3J’1LW@VI’]‘L&’]F;IQM@@;I]MMNVIWU Iﬁﬂ@ﬂ‘]ﬂmgﬂqﬁmqﬁquulﬁqL?ﬂﬂqq Bagging 11789

Bootstrap Aggregation (Mahapatra, 2022) Aannwisznad 23
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Bagging (Bootstrap aggregation)

@ —1 model
data Ample(bootstrap) \

final

% — @ model model

\ /aggregation
@ — model

nWLznau 23 LARIANEIUEN1IYINUAY Bagging

AU (TITIPATA)

Bagging Lfluﬁugmmq Random Forest Classifier #ailuutiidnansiingulst
fAndAula (Decision Tree) Mane AUNRNABUIINAY Tneilsuausaus 10 Wusuly Toed
puliisinaula (Decision Tree) LLﬁi@zﬁ’u@:%’%ﬂ%H@ﬁLﬂu Subset 184 Feature Uazdaya
LﬂuLmudm’f\mm aniusliFnAWla (Decision Tree) usazfuazinEuazIAENAREL

Ao Y vo =
"ﬂ”lﬂV’W’WWI’WH’]EW]VLF"]?UW]?IM'Jl?lll’m‘ﬂ’e‘lﬁ

3.5.2 aaN@as6N AdaBoost

\{unnsdn Classifier NiANUUENEN (Weak Classifier) Nwinunadasya

|
o o

anuazlyi Classifier NAANLNueNAd It Ldla Error Ingnasuaae Classifier Ay
Aol Classifier Tudau wazaziuuuihlFes auwuusiasildliifAipainnaeu
a d?/ d! v o dlddl [ % o dal = 1 . o
Mety  Seazlauuuaaeasinige  laadnwuenisineuilazizandt  Boosting A9

NNLsznay 24
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Boosting

data

weak
classifier

weak
classifier

/

weak final
classifier model

((
|

A

NNUTENAL 24 LAANANHILENITNININTN Boosting

AU (TITIPATA)

3.5.3 aana3nN Extreme Gradient Boosting
WumatlaWawINIAN Gradient Boosting T4 Extreme Gradient Boosting

(XGBoost) Hinuuuaaasfitiesiuliindula (Decision Tree) nndnasusiaiunane| s
Tnensuldisngula (Decision Tree) usazfiuazBauiANNEANAIATBITUABUNTN T9vin T

' o o = dp dl d; = ¥ ¥ Yo a .
A NuNuE luNMIIeANINTUEeY ] Auienseufressiuliindula (Decision Tree)
= =S o = v 1 A a v Yo a
FAguanuINNe wuuAnaasazugnFaufauldiaaanuRanatnanaulifindula

(Decision Tree) AUABAUUNEALAY (Tseng, 2018)

3.6 N15UszLNUNA (Evaluation)

a o d” o o rdl . . o [ ¢ =X
nifdsaidunnunanaansnide  Classification @ mfunenisunng &g

o dl

Anflusaaiinisdssiiunanusiuengn Tnagidaazldmniane Confusion Matrix d1usulunng

UsiiuNar89iULAa8INI9EEui1eATed AINInLsenay 25



Predicted Class

A

Positive

Negative

Positive

Actual Class

True Positive (TP)

False Negative (FN)

Type II Error

Sensitivity
TP
(TP +FN)

Negative

False Positive (FP)

Type I Error

True Negative (TN)

Specificity
TN
(TN +FP)

NwLsznad 25 Confusion Matrix

AN (boom626, 2019)

ANsulamINMNNEIa9 Confusion Matrix 11a11A4eil Faanuvunasasalili

Precision
TP.
(TP + FP)

Negative Predictive
Value
TN
(TN + FN)

Accuracy
TP+TN

(TP +TN + FP + FN)

[ %
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True Positive (TP) Aa nanssanienisunnemudl ulspdniaengasiuluiaen

A o = % dl . . o 1 Ql A o
RAAT LAZNITLIEUIUBILATEY (Machine Learning) N1118Na31 Lﬂuiimmmmmmﬂu

WAAABAAT T9A7L9T YiNuNgnFes

True Negative (TN) A8 WamgaanwnIsunnewudn Liiflulsnduiaanansiuly

A ° = ¥ ~ . . o ! 1 = A
WABAABAAT UATNI9FEUIIBNATEY (Machine Learing) wienadn Tiflulsnduiaan

gasulunaeniaannn Gagldn inunagnsies

False Positive (FP) Aa wamgaanwnisunnenudn Tdidulsaduiaangasiily
A o ] = % dll = " o 1 QI A o
WABALABAAT WANN3EU3I99LATE (Machine Learning) Mnunanadn Wulspauiaenga s

Tunaaaaanan F9azidn Muneia

False Negative (FN) Ain namssan1enisunngnudn iulsnauiaangasuluaen

A o ' = 1% dl . . o 1 ' QI A o
LAAAAN WANITLTEUIUBIATES (Machine Learning) NNUNEIHNAIN 1uLﬂuT@ﬂ@mL@@mﬂmmu1u

A J dl I o a
NABALARAAN Gﬁﬂﬁﬁ;‘ﬂ')”l NIUTENA

3.6.1 Accuracy (ANQNARY)

Accuracy Ag itlafifusAugnsiasmasaIuIun

Accuracy =

TP+ TN

o

NUNQNADY

TP + TN + FP + FN
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3.6.2 Sensitivity (A312)

dl A dl o o [ . A 1 2
duerasleNvunzandmiuAnngeaalsa (Screening Test) vizaanananalsdn

g mduiiuazasile Rule Out Isnasde Ianansailuall iasainiile Sensitivity 492240

v '
o o A

1¥F1 False Negative Rate (FNR) AN A9l iNanan1nageLaanstidual nunaziuay
a = 1 Yo al é % 1 1 v L2 ¥ ¥
397 vivananabidn Alanadulsrsinnn saediadu dgthensa Pap smear udaldng

Wuay Aaiuaznunaaaugn gulaailanianaziiulsauziialnuagnifaauin

TP

Recall = ——
e = TP+ FN

3.6.3 Specificity (A2I1NALN1Z)

1
v

A A A o o aa o . s = [
duimresieNmunzang niuiiadelsa (Diagnostic Test) vaa1ana1 lAan

4 T N 4 4 o o 95
uezasiia Rule In lsanasde iWanansaiiuugn ieganile Specificity geazninlvipn

v '
v o A

False Positive Rate (FPR) A0 #atli lHananiseadauaaniiiluuon fxnazuina wise
1 7 a a o/ 1 1 b E 2 dl QI A o b
nanaladn Alenmadulsnasegaunn faetradu digiaansaivamaniaangasiu uan

v o 2’/ ' LN = dl Ql A o
Tenauian seluaznunaanugn filaeilanianaziluauiae ngasugenin

TN

Specificity = TN—-I-FP

AINN1981UA9 Confusion Matrix @a1xn3nagilladn d1 True Negative (TN)

'
a

uwaz True Positive (TP) HANENASENA DAIULLIAIABINIIEEUTIDILATIINUNINFBSUAY
wiuein @91 False Negative (FN) uae False Positive (FP) AAANEANAA 1NN A9

N o a oa a 1y A
V’]Q?Nﬂﬁl[ﬂ’]"] ﬂﬂuun’]?qmN@Iqu\iﬂq?LLWV]EﬂuVﬂ\iﬂgUmﬂQ?L@@ﬂlsﬁﬂq?m?Q@‘V]Nﬂq

Sensitivity %32 Specificity 447 lun1smsaadnnsasgtlaeiiverianisinem



uny 4

o a a w
HAamIt¥UNIFIE
a o dsj A aa o al A o A ° v o = %

NUIRELU AR ﬂ’]ﬁ")u@’ﬂﬁlﬂmi@ﬂL@’ﬂﬂ'ﬂﬁﬁluﬁluﬂ@@ﬂL@’ﬂﬁﬂ’]ﬂ’m%@ﬂﬂqﬂﬁ‘ﬂug%@ﬂ
dl v d?j dl o aa o a QI A o A o o
LATDN Zﬁ"]\ﬂluLW‘ﬂ“ﬂ@‘ﬂ\‘lﬂqﬁ‘qu@ﬂﬂﬂ’m:ﬁﬂ%‘mﬁ@mL@‘ﬂﬂﬂqﬂ[ﬁlﬂiﬂﬂ@‘ﬂﬂl@ﬂ@ﬁ’ﬂﬂﬂ@’]ﬂﬂ

o/ = % dl oL o ¥ o a a o = ¥ k% :’/
NANNITLTEUIURILATEN Tnel mfmﬂmmLuu\mm%‘lmmm?ﬁﬂm LaLAUAIN TUTUARULAY

] dl o v = ¥ dl ¥ o [ %
NIZUIUNTTAN) LW@Iﬂuﬂ’]ﬁ‘@Wﬁ‘fJ@ﬂ@H@ NIILATENUDYA walddnsulunnsaig

¥ o

wuAnaes  Tnannsuiidayadiuiunisidnedy  (Training data) uazdayadmiunaaau

u

(Testing data) fae 3 dmandauldun 75:25, 70:30 uay 67:33 mm@i’mf;mﬂ’ﬂgaﬁwm
AU 1,290 918N19 %wﬂﬁ’ﬁmmz@'qum@\rﬁ@g@ﬁLL‘]_i\‘}Lqu 967:323, 903:387 Uay 864:426
AINANAL

anduhdeyaiildlaiedena fielfiinpuaunazes Class Label lneifissn
fl,jwum 4 3% lawn Undersampling, Oversampling Way Synthetic Minority Oversampling
TEchnique (SMOTE) RV et Oversampling li’u uﬂﬂﬂﬂﬂﬁwmmﬂuﬁ’mmmmg’m 138N19
ldw13Times sampling_strategy ARANTL 1 uda SeldinnnmadeuinFiudaenisld
WN9HLRAT sampling_strategy A winL 0.50 (Over with Half) fingl

uenanitludaneifinaes XGBoost fwnsiumes 2 ﬁqﬁlﬁfj’m%mmmu@mm

¥ A

12YAAD scale position weight (scaled_pos_weight) lLas sample weight (sample_weight)

o

uazludanesnuaas Random Forest faflan 2 wisdlwasnldassnnannasesdasys

\iii A balanced class weight LAY ratio class weight

v
o A

P9UNA 3 35 AD

o

o [ o A o . dl 4 a dgld
ANUTUNITARLABNATUAN U (Feature Selection) PN UINEI
Threshold & Correlation, Mutual Information Classification Lay Decision Tree TILAANEN
IGAESERGID
o dl v aa . = f/ o v
@m@ﬂwmz‘wimmmﬁ Threshold & Correlation #%19uuA 15 FQ Usznaueag age,
sex, immobilized, chf, cancer, lymphoma, hemato, respirator, infection, bedridden,

@drisk, prophylaxis, los, lung az malignant_neoplasm

v
A o

@mﬁﬂﬁmzmﬁmﬁ% Mutual Information Classification RViauuA 112 69
1sznavunag abdomen, abscess of liver, absess, acidosis, acute bronchitis, acute
cholecystitis, acute cystitis, acute gastritis, acute pancreatitis, acute pulmonary, acute

respiratory failure, adjustment disorders, adrenal gland, age, alcohol acute intoxication,
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alcohol cirrhosis, alcohol withdrawal, alcoholic, alcoholic cardiomyopathy, alveolar
hypoventilation, alzheimer, amyloidosis, anaemia, anal canal, ankle, anterior
mediastinum, anterior wall, antidiuretic hormone, aortic valve, arf, arthritis, asthma,
asthmatic, atopic dermatitis, atrial fibrillation, autoimmune, autopsy, avian influenza,
bacteria, bacterial intestinal infection, bacterial peritonitis, bacterial pneumonia, b-all,
bedridden, behavioral disorder, bile duct, biliary, bladder, bleeding, blood, body, bone,
bone marrow, brain, breast, bronchiectasis, bronchiolitis, bronchopneumonia, bronchus,
burkitt, caecum, calculus of bile duct, calculus of gallbladder, cancer, carbuncle,
cardiac arrest, cardiomyopathy, cellulitis, central nervous, cerebellum, cerebral,
cerebral meninges, cerebrospinal fluid leakage, cerebrovascular, cervical port, chf,
cholangitis, cholestatic jaundice, chronic bronchiectasis, chronic cholecystitis, chronic
myeloproliferative, chronic red cell, chronic respiratory failure, compressionfx, copd,
diverticular disease, estrogen, familyvte, fat, hemato, hemiparesis, hxcancer, hxvte,
immobilized, infection, infective myositis, intrahepatic bile duct, los, lymphoma,
nephrotic, niddm, paraparesis, platelet, prophylaxis, respirator, sex, sle, stage, surgery,
thrombophilia, varicose Las @4risk

AouANE0IZTIAANTR Decision Tree diamua 10§ Ustneugae adeno ca,
burkitt s lymphoma, heart, myeloid, bedridden, stomach, multiple myeloma, pneumonia,
nhl LLA¥ nephritis
lunnstlszifiulsy@nBnwileuReuieunusaesre s 3 fanasNu

AdaBoost, Random Forest LAz XGBoost BILAALEANEINNALANIT IENITIR A TN ULANAN

M souDeelalnnsd Balanced Bagging Classifier fanfiusia 3 danesny avissiliu

1
o Ay v

dsz@ninninanisldnisng Confusion Matrix nalussqingilszasduainisinddenls

Auunld uadnsnlsasungld seninwilsznau 26 - 385
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4.1 uaawsNlaaINNsldaana3yin AdaBoost ill Default Parameters
4.1.1 NAAWEAINNIFULNARSIEIUIRITANALVINNY 75:25

4111 Naﬁwﬁﬁiﬁ'ﬂ’mn’lﬂ% Feature Selection 1m&28 Threshold

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.9752 0.9968 0.0000 0.0000 0.0000
Under 0.3808 0.3703 0.8571 0.0293 0.0566
Over 0.6997 0.6962 0.8571 0.0588 01101
Over with Half 0.8204 0.8228 0.7143 0.0820 0.1471
SMOTE 0.8111 0.5228 0.2857 0.0345 0.0615

nnseneu 26 nadwsh liannnisld AdaBoost fiu Default Parameters Tnsintisdnyali

fM914891 75:25 1 Feature Selection #1833 Threshold

AB with Original AB with Under AB with Over

true label
true label
true label

0 1 0 1 0 1
predicted label predicted label predicted label

AB with Over with Half AB with SMOTE

true label
true label

T T T
0 1 0 1
predicted label predicted label

nilseney 27 wadwsiliann Confusion Matrix fuasnisannisiuiloyuianlianna

v
Y TaLATINN A
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4.1.1.2 HRANBNLAAINNSLE Feature Selection 1agiAs Mutual Information

Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9752 0.9968 0.0000 0.0000 0.0000
Under 0.4768 0.4652 1.0000 0.0398 0.0785
Over 0.8204 0.8259 0.5714 0.0678 0.1212
Over with Half 0.5947 0.9019 0.5714 0.1143 0.1905
SMOTE 0.8235 0.8291 0.5714 0.0690 0.1231

nnisenau 28 wadwshnliainnisld AdaBoost fill Default Parameters Taginiisdngyali

M40 75:25 i Feature Selection A28iRa Mutual Information Classification

AB with Original AB with Under AB with Over

true label
true label
true label

0 1 0 1 0 1
predicted label predicted label predicted label

AB with Over with Half AB with SMOTE

true label
true label

0 1 0 1
predicted label predicted label

nwilsznau 29 nadnwsinlsain Confusion Matrix AuRsn1sanNIsiuTymAwlianna

SNV ISU AT
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4.1.1.3 HAANENIAAINNISLE Feature Selection ImgiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.9814
Under 0.8297
Over 0.3715

Over with Half 0.8514

SMOTE 0.4180

1.0000
0.5418
0.3576
0.8671

0.4082

0.1429
0.2857
1.0000
0.1429

0.8571

1.0000
0.0385
0.0333
0.0233

0.0311

0.2500
0.0678
0.0645
0.0400

0.0800

nseneu 30 nadwsnliainnisld AdaBoost fiu Default Parameters Tnsintisdnyali

fM914u 75:25 1 Feature Selection A28iRa Decision Tree

AB with Original

AB with Under

true label

AB with Over

0 o o}
T T
a o
) 0
@ w
3 =
= =

1 6 1 1

0 1

predicted label

AB with Over with Half

true label

0

predicted label

true label

1

o]

AB with SMOTE

1
predicted label

0
predicted label

1

0

1

predicted label

nilseneay 31 nadwshliann Confusion Matrix fLasnisannIsiuiloyuianlianna

2a9tRyaiann
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4.1.2 uaAWETlAAINMSULERsIEINTBITaNALINAL 70:30
4.1.2.1 HAANENLAAINNS LT Feature Selection Tm#R8 Threshold

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9767 0.9974 0.0000 0.0000 0.0000
Under 0.4134 0.4037 0.8750 0.0300 0.0581
Over 0.6977 0.6939 0.8750 0.0569 0.1069
Over with Half 0.8114 0.8127 0.7500 0.0779 01412
SMOTE 0.8114 0.8206 0.3750 0.0423 0.0759

nnisenau 32 wadwsh liainnisld AdaBoost fill Default Parameters Tasiniisdngyali

#M91201 70:30 1 Feature Selection A28@a Threshold

AB with Original AB with Under AB with Over

116

true label
true label

true label

T T T T T T
0 1 0 1 0 1
predicted label predicted label predicted label

AB with Over with Half AB with SMOTE

true label
true label

0 1 0 1
predicted label predicted label

nwilsznau 33 nadnsilsain Confusion Matrix AuRBn1sanNIsiuTymAulianga

SNV ISU AT
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4.1.2.2 HRANBNIAAINNSLE Feature Selection 1agiAs Mutual Information
Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9793 1.0000 0.0000 nan 0.0000
Under 0.5013 0.4208 1.0000 0.0398 0.0766
Over 0.8140 0.8153 0.7500 0.0789 0.1429
Over with Half 0.8837 0.3865 0.7500 0.1224 0.2105
SMOTE 0.8088 0.8127 0.6250 0.0658 0.1190

nniseneau 34 nadwsnliainnisld AdaBoost fill Default Parameters Tasiniisdngyali

fm91401 70:30 1 Feature Selection #28iRa Mutual Information Classification

AB with Original AB with Under AB with Over

true label
true label
true label

0 1 0 1 0 1
predicted label predicted label predicted label

AB with Over with Half AB with SMOTE

true label
true label

0 1 0 1
predicted label predicted label

nwilsznau 35 nadnsilsain Confusion Matrix AuRBn1sanNIsiuTymAwlianna

SNV ISU AT
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4.1.2.3 HAANENLAAINNISLE Feature Selection ImgiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.9819
Under 0.8372
Over 0.3643

Over with Half 0.8579

SMOTE 0.4109

1.0000
0.8470
0.3509
0.8707

0.4011

0.1250
0.3730
1.0000
0.2500

0.8750

1.0000
0.0492
0.0315
0.0392

0.0299

0.2222
0.0870
0.0611
0.0678

0.0579

nseneu 36 nadwshnliainnisld AdaBoost fiu Default Parameters Tnsintisdnyali

fm9141 70:30 1 Feature Selection A28iRa Decision Tree

AB with Original

true label
true label

AB with Under

true label

AB with Over

0 1
predicted label

AB with Over with

true label

0
predicted label

Half

true label

1

o]

AB with SMOTE

1
predicted label

0
predicted label

1

0

1

predicted label

nilseney 37 wadwsiliann Confusion Matrix fudsnisannisiuiloyuianlianna

2a9tRyaiann



56

4.1.3 NAAWET LAAINMTULERTIHINTBITANALINAL 67:33

4.1.3.1 HRANBNLAAINNSLE Feature Selection 1agiAd Threshold

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9695 0.9904 0.0000 0.0000 0.0000
Under 0.4272 0.4173 0.8889 0.0319 0.0815
Over 0.7019 0.7002 0.7778 0.0530 0.0993
Over with Half 0.3286 0.8297 07778 0.08597 0.1609
SMOTE 0.8169 0.8249 0.4444 0.0519 0.0930

nnilsenau 38 wadwsn liainnisld AdaBoost fill Default Parameters Tasiniisdngali

#M91401 67:33 1 Feature Selection A28A3 Threshold

AB with Original AB with Under AB with Over

125

true label
true label

true label

T T T T T T
0 1 0 1 0 1
predicted label predicted label predicted label

AB with Over with Half AB with SMOTE

true label
true label

0 1 0 1
predicted label predicted label

nwilsznau 39 nadnwsinlsain Confusion Matrix AuRBn1sanNIsiLTymAwlianna

SNV ISU AT
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4.1.3.2 HAANBNLAAINNSLE Feature Selection 1agiAs Mutual Information
Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9718 0.9928 0.0000 0.0000 0.0000
Under 0517 0.5012 1.0000 0.0415 0.0796
Over 0.8192 0.8201 0.7778 0.0854 0.15386
Over with Half 0.5944 0.5993 0.6667 0.1250 0.2105
SMOTE 0.8099 0.8153 0.5556 0.0610 0.1099

nnisenau 40 wadwsnliainnisld AdaBoost fill Default Parameters Taginiisdngali

M40 67:33 1 Feature Selection A28Ra Mutual Information Classification

AB with Original AB with Under AB with Over

true label
true label
true label

0 1 0 1 0 1
predicted label predicted label predicted label

AB with Over with Half AB with SMOTE

true label
true label

0 1 0 1
predicted label predicted label

nwilsznau 41 nadnwsinlsain Confusion Matrix AuRsn1sanNIsiuTymAulianna

SNV ISU AT
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4.1.3.3 HAANENLAAINNISLE Feature Selection ImgiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.9812
Under 0.5404
Over 0.3638

Over with Half 0.8638

SMOTE 0.4108

1.0000
0.8513
0.3501
0.8777

0.4005

0.1111
0.3333
1.0000
0.2222

0.8889

1.0000
0.0462
0.0321
0.0377

0.0310

0.2000
0.081
0.0623
0.0645

0.0589

nseneu 42 nadwshnliainnisld AdaBoost fiu Default Parameters Tnsintisdnyali

fm91401 67:33 11 Feature Selection A28iRa Decision Tree

AB with Original

AB with Under

true label

AB with Over

0 o o}
T T
a o
) 0
@ w
3 =
= =

1 8 1 1

0 1

predicted label

AB with Over with

true label

0

predicted label

Half

true label

1

o]

AB with SMOTE

1
predicted label

0
predicted label

1

0

1

predicted label

nilseney 43 wadwsiliann Confusion Matrix fLasnisannisiuiloyuianlianna

2a9tRyaiann
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4.2 NAANENIAAINN1TIEaanas7in AdaBoost N Default Parameters wag Balanced
Bagging Classifier
4.2.1 NAAWSAINNITULNARSIRIUIRITRYALVINNY 75:25

4.2.1.1 HRANBNLAAINNSLE Feature Selection 1agiAd Threshold

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.6037 0.6013 0.7143 0.0382 0.0725
Under 0.4675 0.4820 0.7145 0.0286 0.0549
Over 0.7090 0.7037 0.8271 0.0606 0.1132
Over with Half 0.8935 0.6899 0.8571 0.0577 0.1081
SMOTE 0.8173 0.5291 0.2857 0.0357 0.0635

NWUsEnau 44 NAANSN e nN131E AdaBoost iU Default Parameters Was Balanced

Bagging Classifier Inaiutisdayaludnsdan 75:25 14 Feature Selection #9233 Threshold

AB Bal_Bagging with Original AB Bal_Bagging with Under AB Bal_Bagging with Over

true label
true label

true label

T T T T
0 1 0 1 0 1

predicted label predicted label predicted label
AB Bal_Bagging with Over with Half AB Bal_Bagging with SMOTE

98 4
o o
o o
= =
L4 L4
2 2
5 5

1 1 6 1 5 2

T T T T

0 1 0 1

predicted label predicted label

nnilseneay 45 nadwsiliann Confusion Matrix fLasnisannisiuiloyuianlianna

S NUTREaV ST AT
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4.2.1.2 HRANBNIAAINNSLE Feature Selection TagiAs Mutual Information

Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.6811 06772 0.8571 0.0556 0.1043
Under 0.4985 0.4873 1.0000 0.0414 0.0795
Over 0.8359 0.8418 0.5714 0.0741 0.131
Over with Half 0.3452 0.5449 0.8571 0.1091 0.1935
SMOTE 0.8452 0.8544 0.4286 0.0612 0.1071

NWsznall 46 uadnsN laannn131d AdaBoost il Default Parameters way Balanced
Bagging Classifier Inainiivdayaludniaan 75:25 14 Feature Selection #2235 Mutual

Information Classification

AB Bal_Bagging with Original AB Bal_Bagging with Under AB Bal_Bagging with Over

102

true label
true label
true label

1 1 6 1 0 7 1 3 4
0 1 0 1 0 1
predicted label predicted label predicted label
AB Bal_Bagging with Over with Half AB Bal_Bagging with SMOTE

46

true label
true label

0 1 0 1
predicted label predicted label

nnilseney 47 wadwsiliann Confusion Matrix fuasnisannisiuiloyuianlianna

v
Y TaLATINN A
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4213 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘f Feature Selection 1meiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.3901 0.3797 0.8371 0.0297 0.0574
Under 0.8483 0.5639 0.1429 0.0227 0.0392
Over 0.3715 0.3576 1.0000 0.0333 0.0645
Over with Half 0.3715 0.35786 1.0000 0.0333 0.0645
SMOTE 0.4211 0.4114 0.8571 0.0312 0.0803

Alsznayl 48 naansi laannnisld AdaBoost il Default Parameters way Balanced
Bagging Classifier Tnaiutisdayaludnaadqu 75:25 14 Feature Selection #2235 Decision

Tree

AB Bal_Bagging with Original AB Bal_Bagging with Under AB Bal_Bagging with Over

true label
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true label
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4.2.2 uAANWETLAAINMSULERTIEINTBITANALINAL 70:30

4.2.2.1 HRANBNLAAINNSLE Feature Selection 1aeiAd Threshold

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.6925 0.6939 0.6250 0.0413 0.0775
Under 0.4935 0.4881 0.7500 0.0300 0.0577
Over 0.7054 0.7018 0.8750 0.0583 0.1094
Over with Half 06873 0.6834 0.8750 0.0551 0.1037
SMOTE 0.8191 0.8285 0.3750 0.0441 0.0789

Nsznall 50 uadnsN laaNnn131d AdaBoost il Default Parameters way Balanced

Bagging Classifier Tnaintisdayaludnsdqu 70:30 14 Feature Selection #2235 Threshold

AB Bal_Bagging with Original AB Bal_Bagging with Under AB Bal_Bagging with Over

116 113
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4.2.2.2 HAANBNLAAINNSLE Feature Selection 1agiAs Mutual Information

Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.7571 0.7599 0.6250 0.0521 0.0962
Under 0.5013 0.4208 1.0000 0.0398 0.0766
Over 0.8424 0.5443 0.7500 0.0923 0.1644
Over with Half 0.8475 0.8470 0.8750 0.1077 01918
SMOTE 0.8398 0.8470 0.5000 0.0645 0.1143

NWsznall 52 uadnsn laannni3ld AdaBoost il Default Parameters way Balanced
Bagging Classifier Inainiivdeyaludnaaat 70:30 14 Feature Selection #2235 Mutual

Information Classification

AB Bal_Bagging with Original AB Bal_Bagging with Under AB Bal_Bagging with Over

true label

true label
true label
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0 1 0 1 0 1
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AB Bal_Bagging with Over with Half AB Bal_Bagging with SMOTE
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4223 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘f Feature Selection 1meiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.3830 0.3747 0.8750 0.0287 0.0556
Under 0.8553 0.5681 0.2500 0.0385 0.0667
Over 0.3643 0.3509 1.0000 0.0315 0.0611
Over with Half 0.3643 0.3509 1.0000 0.0315 0.0611
SMOTE 0.4160 0.4063 0.8750 0.0302 0.0583

A lszna 54 Naansi laannnisld AdaBoost 11l Default Parameters way Balanced
Bagging Classifier Tnaiutisdayaludnaadqu 70:30 14 Feature Selection #2235 Decision

Tree

AB Bal_Bagging with Original AB Bal_Bagging with Under AB Bal_Bagging with Over

true label
true label
true label

1 1 7 1 6 2 1 o] 8
0 1 0 1 0 1
predicted label predicted label predicted label
AB Bal_Bagging with Over with Half AB Bal_Bagging with SMOTE
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true label
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predicted label predicted label
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NNsznall 56 NadNEN lAaINN131E AdaBoost fil Default Parameters way Balanced

4.2.3 NAANWETLAAINMTULERTIHINTDITANALINAL 67:33

4.2.3.1 HRANBNLAAINNSLE Feature Selection 1agiAd Threshold

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.6479 0.6499 0.5556 0.0331 0.0625
Under 0.5070 0.5012 07778 0.0326 0.0625
Over 0.7113 0.7098 0.7778 0.0547 0.1022
Over with Half 0.7066 0.7026 0.5889 0.0806 0.1135
SMOTE 0.8239 0.8321 0.4444 0.0541 0.0964

65

Bagging Classifier Inaiutisdayaludnsdqn 67:33 14 Feature Selection #2233 Threshold

true label

nwilsznau 57 nadnwsinlsiann Confusion Matrix AudsnisannIsiuTymiaulianna
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4.2.3.2 HAANENLAAINNSLE Feature Selection 1agiAs Mutual Information

Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.7629 0.7626 07778 0.0660 0.1217
Under 0.5188 0.5084 1.0000 0.0421 0.0807
Over 0.8451 0.8465 0.7778 0.0966 0.1730
Over with Half 0.8615 0.5609 0.5889 01212 02133
SMOTE 0.8380 0.8465 0.4444 0.0588 0.1039

NWsznall 58 uadnsN laannn131d AdaBoost fil Default Parameters way Balanced
Bagging Classifier Inainiivdoyaludniaan 67:33 14 Feature Selection #2235 Mutual

Information Classification

AB Bal_Bagging with Original AB Bal_Bagging with Under AB Bal_Bagging with Over
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4.2.3.3 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘f Feature Selection 1meiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.3873 0.3765 0.5889 0.0299 0.0578
Under 0.8615 0.8753 0.2222 0.0370 0.0835
Over 0.3638 0.3501 1.0000 0.0321 0.0623
Over with Half 0.3638 0.3501 1.0000 0.0321 0.0623
SMOTE 0.4155 0.4053 0.8889 0.0312 0.0604

Alsznal 60 NaANEH Laannn131d AdaBoost 71l Default Parameters way Balanced
Bagging Classifier Tnaiutisdeyaludnaadqu 67:33 14 Feature Selection #2235 Decision

Tree

AB Bal_Bagging with Original AB Bal_Bagging with Under AB Bal_Bagging with Over
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4.3 HRANEN LAANNNSIEaAND5 NN AdaBoost NU Tuning Hyperparameter
4.3.1 NAAWEAINNFULNARSIEIUIRITAYALVINNY 75:25

4311 Naﬁwﬁﬁiﬁﬂ’mn’lﬂ% Feature Selection 1m&28 Threshold

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.9752 0.9968 0.0000 0.0000 0.0000
Under 0.3591 0.3481 0.8571 0.0283 0.0548
Over 0.5449 0.5380 0.8571 0.0395 0.0755
Over with Half 0.6904 0.6899 0.7143 0.0485 0.0909
SMOTE 0.79868 0.5101 0.2857 0.0323 0.0580

nnseney 62 uaansy lrannisld AdaBoost iU Tuning Hyperparameters Tagiiiia

¥

m@gaiuﬁmmmu 75:25 ‘4 Feature Selection #2833 Threshold

AB Tuning with Original AB Tuning with Under AB Tuning with Over
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true label
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4.3.1.2 HAANENLAAINNSLE Feature Selection 1agiAs Mutual Information

Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9752 0.9968 0.0000 0.0000 0.0000
Under 0.4613 0.4494 1.0000 0.0387 0.0745
Over 0.6873 0.6804 1.0000 0.0648 0.1217
Over with Half 0.8762 0.8797 0.7143 0.1163 0.2000
SMOTE 0.7647 0.7690 0.5714 0.0519 0.0952

AsEney 64 aaNsT RaINAT L AdaBoost iU Tuning Hyperparameters Tngiitia

¥

mmgdaluﬂ“mﬁm'qu 75:25 1 Feature Selection AaeidaMutual Information Classification

AB Tuning with Original AB Tuning with Under AB Tuning with Over
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4.3.1.3 HAANENLAAINNISLE Feature Selection IagiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.9814 1.0000 0.1429 1.0000 0.2500
Under 0.8297 0.5418 0.2857 0.0385 0.0676
Over 0.3622 0.3481 1.0000 0.0329 0.0636
Over with Half 0.8421 0.8544 0.2857 0.0417 00727
SMOTE 0.4056 0.3956 0.8571 0.0305 0.0588

nnseney 66 uaansy lrann1sld AdaBoost iU Tuning Hyperparameters Tagiiaia

v

m@gmiu@”mmmu 75:25 1 Feature Selection #2833 Decision Tree
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4.3.2 uaANWETlAAINMSULERTIEINTBITANALINAL 70:30

4.3.2.1 HAANBNLAAINNSLE Feature Selection 1agiAd Threshold

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9716 0.9921 0.0000 0.0000 0.0000
Under 0.4238 0.4142 0.8750 0.0306 0.0591
Over 0.6822 0.6781 0.8750 0.0543 0.1022
Over with Half 0.7752 0.7757 0.7500 0.0859 01212
SMOTE 0.8140 0.8232 0.3750 0.0429 0.0769

A nsEney 68 HaANST bAAINAT LT AdaBoost iU Tuning Hyperparameters Tngiitia

¥

ﬂjmgaluﬁmm'fm 70:30 14 Feature Selection #2835 Threshold

AB Tuning with Original AB Tuning with Under AB Tuning with Over
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4.3.2.2 HRANENLAAINNSLE Feature Selection 1agiAs Mutual Information

Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9793 1.0000 0.0000 nan 0.0000
Under 0.4496 0.4380 1.0000 0.0362 0.0699
Over 0.7261 0.7203 1.0000 0.0702 0.131
Over with Half 0.8346 0.5391 0.6250 0.0758 0.1351
SMOTE 0.7494 0.7520 0.6250 0.0505 0.0935

A nsEney 70 naansT irann1s kel AdaBoost iU Tuning Hyperparameters Tngiitia

¥

mmgaluﬁmmm'm 70:30 1 Feature Selection #8138 Mutual Information Classification

AB Tuning with Original AB Tuning with Under AB Tuning with Over
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4.3.2.3 HAANENLAAINNISLE Feature Selection ImgiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.9819 1.0000 0.1250 1.0000 0.2222
Under 0.8372 0.8470 0.3750 0.0492 0.0870
Over 0.3643 0.3509 1.0000 0.0315 0.0611
Over with Half 0.8579 D.8707 0.2500 0.0392 0.0678
SMOTE 0.4109 0.4011 0.8750 0.0299 0.0579

nnseney 72 uaansn nannisld AdaBoost iU Tuning Hyperparameters Tagiiaia

v

m@gmiu@”mmmu 70:30 1 Feature Selection #2833 Decision Tree
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4.3.3 NAAWETLAAINMTULERTIHINTBITANALVINAL 67:33
4.3.3.1 HAANENLAAINNS LT Feature Selection Tm#R8 Threshold

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9789 1.0000 0.0000 nan 0.0000
Under 0.2559 0.2422 0.8889 0.0247 0.0480
Over 0.4765 0.4652 1.0000 0.0388 0.0747
Over with Half 0.7441 0.7410 0.5889 0.0880 0.1280
SMOTE 0.7019 0.7026 0.6667 0.0462 0.0863

AnsEney 74 naansy irannis kel AdaBoost iU Tuning Hyperparameters Tngiitia

¥

mmgaluﬁqudqu 67:33 14 Feature Selection #2835 Threshold
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4.3.3.2 HAANENLAAINNSLE Feature Selection 1agiAs Mutual Information
Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9718 0.9928 0.0000 0.0000 0.0000
Under 0517 0.5012 1.0000 0.0415 0.0796
Over 0.8192 0.8201 0.7778 0.0854 0.15386
Over with Half 0.5944 0.5993 0.6667 0.1250 0.2105
SMOTE 0.8099 0.8153 0.5556 0.0610 0.1099

A nsEney 76 naansT lrann1T Ll AdaBoost iU Tuning Hyperparameters Tngiitia

¥

mmgael,uﬂ"mm'qu 67:33 I Feature Selection A28@3 Mutual Information Classification
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4.3.3.3 HAANENLAAINNISLE Feature Selection ImgiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.9812 1.0000 0.1111 1.0000 0.2000
Under 0.5404 0.8513 0.3335 0.0462 0.0811
Over 0.3638 0.3501 1.0000 0.0321 0.0623
Over with Half 0.8638 0.8777 0.2222 0.0377 0.0645
SMOTE 0.4108 0.4005 0.8889 0.0310 0.0589

nwilseney 78 uaansy lnannisld AdaBoost iU Tuning Hyperparameters Tagiiaia

v

m@gmiu@”mmmu 67:33 1 Feature Selection A2833 Decision Tree
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4.4 HRANENLIAANNIslEaanasfin AdaBoost N Tuning Hyperparameters Wag

Balanced Bagging Classifier
4.4.1 NAAWSAINNITULNARSIRIUIBITRYALVINNY 75:25

4411 HRANBNLAAINNSLE Feature Selection 1agiAd Threshold

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.6963 0.6551 0.7143 0.0439 0.0826
Under 0.4561 0.4810 0.7145 0.0296 0.05686
Over 0.5882 0.5823 0.8271 0.0435 0.0828
Over with Half 0.6068 0.6013 0.8571 0.04355 0.0863
SMOTE 0.8019 0.8133 0.2857 0.0328 0.0588

nnsenay 80 uaansy lnann1sld AdaBoost fiu Tuning Hyperparameters waz
Balanced Bagging Classifier Ineiutisdayaludnsadan 75:25 14 Feature Selection #9835

Threshold
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4.4.1.2 URANBNLAAINNSLE Feature Selection 1agiAs Mutual Information

Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.8037 0.6044 0.5714 0.0310 0.0588
Under 0.5077 0.4968 1.0000 0.0422 0.0809
Over 0.7307 0.7247 1.0000 0.0745 0.1386
Over with Half 0.7585 0.7532 1.0000 0.0824 0.1522
SMOTE 0.7802 0.7880 0.4286 0.0429 0.0779

A nsEnay 82 uaans i lrannn1s i AdaBoost fiu Tuning Hyperparameters was
Balanced Bagging Classifier Tneiutisdayaludnsdan 75:25 14 Feature Selection #9833

Mutual Information Classification

AB Tuning Bal_Bagging with Original AB Tuning Bal_Bagging with Under AB Tuning Bal_Bagging with Over
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4413 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘f Feature Selection 1meiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.3932 0.3829 0.8371 0.0299 0.0577
Under 0.8483 0.5639 0.1429 0.0227 0.0392
Over 0.3622 0.3481 1.0000 0.0329 0.0636
Over with Half 0.3715 0.35786 1.0000 0.0333 0.0645
SMOTE 0.4211 0.4114 0.8571 0.0312 0.0803

nnseney 84 uaanwsy lnannisld AdaBoost fiu Tuning Hyperparameters waz
Balanced Bagging Classifier Tneiutisdayaludnsdan 75:25 14 Feature Selection #9833

Decision Tree
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4.4.2 uaANWETlAAINMTULERTIEINTRITANALINAL 70:30

4421 HRANBNLAAINNSLE Feature Selection 1agiAd Threshold

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.6925 0.6939 0.6250 0.0413 0.0775
Under 0.5245 0.5198 0.7500 0.0319 0.0812
Over 0.6848 0.6807 0.8750 0.0547 0.1029
Over with Half 0.6977 0.6966 0.7500 0.04596 0.0930
SMOTE 0.8243 0.8338 0.3750 0.0455 0.0811

AnsEney 86 aaNsT bAaINN1T I AdaBoost fiu Tuning Hyperparameters was

Balanced Bagging Classifier Tneiutisdayaludnsdan 70:30 14 Feature Selection #9833

Threshold
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4.4.2.2 URANBNIAAINNSLE Feature Selection TagiAs Mutual Information
Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.7907 0.7942 0.6250 0.0802 0.1099
Under 0.5220 0.5119 1.0000 0.0415 0.0796
Over 0.7442 0.7368 1.0000 0.0748 0.1391
Over with Half 0.7752 0.7704 1.0000 0.0842 0.1553
SMOTE 0.7933 0.8021 0.3750 0.0385 0.0698

A nsEney 88 naansT brann1T e AdaBoost fiu Tuning Hyperparameters was
Balanced Bagging Classifier Tneiutisdayaludnsdan 70:30 14 Feature Selection #9833

Mutual Information Classification
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4423 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘f Feature Selection 1meiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.3830 0.3747 0.8750 0.0287 0.0556
Under 0.8553 0.5681 0.2500 0.0385 0.0667
Over 0.3643 0.3509 1.0000 0.0315 0.0611
Over with Half 0.3643 0.3509 1.0000 0.0315 0.0611
SMOTE 0.4160 0.4063 0.8750 0.0302 0.0583

A nsenay 90 uaanws i lnannisld AdaBoost fiu Tuning Hyperparameters waz
Balanced Bagging Classifier Tneiutisdayaludnsdan 70:30 14 Feature Selection #9835

Decision Tree

AB Tuning Bal_Bagging with Original AB Tuning Bal_Bagging with Under AB Tuning Bal_Bagging with Over
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4.4.3 NAANWETLAAINMTULERTIHINTBITANALINAL 67:33

4.4.3.1 HRANBNLAAINNSLE Feature Selection 1agiAd Threshold

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.5540 0.5492 07778 0.0359 0.0686
Under 0.3263 0.3141 0.8889 0.0272 0.0528
Over 0.4202 0.4101 0.5889 0.0315 0.0608
Over with Half 0.4624 0.4532 0.5889 0.0339 0.0853
SMOTE 0.7019 0.7026 0.6667 0.0462 0.0863

A nsEnay 92 uaanwsT lrann1s e AdaBoost fiu Tuning Hyperparameters wae

Balanced Bagging Classifier Tneiutisdayaludnsdanu 67:33 14 Feature Selection #9835

Threshold
AB Tuning Bal_Bagging with Original AB Tuning Bal_Bagging with Under AB Tuning Bal_Bagging with Over
0 131
B T B
= o =
o o o
o o o
I 2 I
1 2 7 1 1 8 1 1 8
0 1 0 1 0 1
predicted label predicted label predicted label

AB Tuning Bal_Bagging with Over with Hal AB Tuning Bal_Bagging with SMOTE
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true label
true label

T T
0 1 0 1
predicted label predicted label
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4.4.3.2 URANBNLIAAINNSLE Feature Selection 1agiAs Mutual Information

Classification

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.7629 0.7626 0.7778 0.0660 01217
Under 0.5188 0.5084 1.0000 0.0421 0.0807
Over 0.8451 0.8465 07778 0.0986 0.1750
Over with Half 0.8615 0.8609 0.8889 0.1212 0.2133
SMOTE 0.8380 0.8465 0.4444 0.0586 0.1039

AnsEney 94 uaansn lrannisld AdaBoost iU Tuning Hyperparameters wae
Balanced Bagging Classifier Tnaiutisdayaludnsidan 67:33 14 Feature Selection #1235

Mutual Information Classification

AB Tuning Bal_Bagging with Original AB Tuning Bal_Bagging with Under AB Tuning Bal_Bagging with Over

true label
true label
true label

0 1 0 1 0 1
predicted label predicted label predicted label

AB Tuning Bal_Bagging with Over with Hal AB Tuning Bal_Bagging with SMOTE

true label
true label

0 1 0 1
predicted label predicted label
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4433 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘f Feature Selection 1meiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.3873 0.3765 0.5889 0.0299 0.0578
Under 0.8615 0.8753 0.2222 0.0370 0.0835
Over 0.3638 0.3501 1.0000 0.0321 0.0623
Over with Half 0.3638 0.3501 1.0000 0.0321 0.0623
SMOTE 0.4155 0.4053 0.8889 0.0312 0.0604

nnsenay 96 uaanwsy lnannisld AdaBoost fiu Tuning Hyperparameters waz
Balanced Bagging Classifier Tneiutisdayaludnsdan 67:33 14 Feature Selection #9835

Decision Tree

AB Tuning Bal_Bagging with Original AB Tuning Bal_Bagging with Under AB Tuning Bal_Bagging with Over
0 0 52 0
2 2 z
5 i) ]
@ w @
=4 =4 =
1 1 8 1 7 2 1 o] 9
0 1 0 1 0 1
predicted label predicted label predicted label

AB Tuning Bal_Bagging with Over with Hal AB Tuning Bal_Bagging with SMOTE

true label
true label

0 1 0 1
predicted label predicted label
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4.5 naaWENLAAINNNSIEaaNa37N Random Forest A Default Parameters
4.5.1 NAAWEAINNIFULNARSIRIUIRITAYALVINNY 75:25

4511 Naﬁwﬁﬁiﬁ'ﬂ’mn’lﬂ% Feature Selection 1m&28 Threshold

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.9783 1.0000 0.0000 nan 0.0000
Under 0.4056 0.3924 1.0000 0.0352 0.0680
Over 0.9721 0.9842 0.4286 0.3750 0.4000
Over with Half 0.9845 0.9968 0.4286 0.7500 0.5455
SMOTE 0.9257 0.9399 0.2857 0.0952 0.1429

AUsznal 98 NaaNsNLaa1nn1eld Random Forest i Default Parameters Tagiuiia

¥

dayaludnsdau 75:25 14 Feature Selection #2235 Threshold

RF with Original RF with Under RF with Over

true label
true label
true label

1 7 V] 1 0 7 1 4 3
0 1 0 1 0 1
predicted label predicted label predicted label

RF with Over with Half RF with SMOTE

0 1 0 19
T T
o o
© o
o v
3 =1
= =

1 4 3 1 5 2

0 1 0 1

predicted label predicted label
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4512 HRANENLIAAINNSLE Feature Selection TagiAs Mutual Information

Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9783 1.0000 0.0000 nan 0.0000
Under 0.6130 0.6044 1.0000 0.0530 0.1007
Over 0.9938 1.0000 0.7143 1.0000 0.8333
Over with Half 0.9938 1.0000 0.7143 1.0000 0.8333
SMOTE 0.9659 0.9747 0.5714 0.3333 0.4211

Alsznall 100 wadwsNlaaNnn131d Random Forest i1 Default Parameters Tagiiiiig

¥

mmgdaluﬁmmm'qu 75:25 14 Feature Selection #8138 Mutual Information Classification

RF with Original RF with Under RF with Over

true label
true label
true label

0 1 0 1 0 1
predicted label predicted label predicted label

RF with Over with Half RF with SMOTE

true label
true label

4] 1 0 1
predicted label predicted label
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4.51.3 HAANENLAAINNISLE Feature Selection ImgiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.9783 1.0000 0.0000 nan 0.0000
Under 0.8297 0.5418 0.2857 0.0385 0.0676
Over 0.3870 0.3734 1.0000 0.0341 0.0660
Over with Half 0.9474 0.9620 0.2857 0.1429 0.1905
SMOTE 0.4211 0.4114 0.8571 0.0312 0.0803

Ansznay 102 Naansnlaannnigld Random Forest fil Default Parameters Taeiuiia

v

m@g@lu@”mmmu 75:25 1 Feature Selection #2833 Decision Tree

RF with Original RF with Under RF with Over

true label
true label
true label

0 1 0 1 0 1
predicted label predicted label predicted label

RF with Over with Half RF with SMOTE

true label
true label

0 1 0 1
predicted label predicted label
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4.5.2 NAANWETLAANMTULERTIEINTBITANALINAL 70:30

4521 HRANBNLAAINNSLE Feature Selection 1agiAd Threshold

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.9793
Under 0.4109
Over 0.9742

Over with Half 0.9871
SMOTE 0.9173

nlsznall 104 uadwsnlaannnisld Random Forest i1 Default Parameters Tagiiiiig

¥

RF with Original

true label
true label

1.0000
0.3984
0.9815
0.9947

0.9288

RF with Under

0.0000
1.0000
0.6250
0.6250

0.3750

true label

nan
0.0339
0.4167
0.7143

0.1000

0.0000
0.0656
0.5000
06667

0.1579

ﬂjmga‘luﬂ”mm'fm 70:30 14 Feature Selection #2835 Threshold

RF with Over

0 1
predicted label

predicted label

RF with Over with Half

true label

true label

o]

RF with SMOTE

predicted label

0
predicted label

1

o]

1

predicted label

1
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4522 HAANENLAAINNISLE Feature Selection 1agiAs Mutual Information

Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9793 1.0000 0.0000 nan 0.0000
Under 0.6072 0.5989 1.0000 0.0500 0.0952
Over 0.9974 1.0000 0.8750 1.0000 0.9333
Over with Half 0.9974 1.0000 0.8750 1.0000 09333
SMOTE 0.9638 0.9710 0.6250 0.3125 0.4167

Alsznall 106 wadwsNlAaInn131d Random Forest i1 Default Parameters Tagiiiiig

¥

mmgdaluﬁmmm'qu 70:30 1 Feature Selection #8138 Mutual Information Classification

RF with Original RF with Under RF with Over

true label
true label
true label

0 1 0 1 0 1
predicted label predicted label predicted label

RF with Over with Half RF with SMOTE

true label
true label

0 1 0 1
predicted label predicted label
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4.5.2.3 NAANENIAAINNISLE Feature Selection ImgiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.9793 1.0000
Under 0.8372 0.8470
Over 0.3798 0.3668
Over with Half 0.9457 0.9604
SMOTE 0.4160 0.4063

0.0000
0.3730
1.0000
0.2500

0.8750

nan
0.0492
0.0323
0.1176

0.0302

0.0000
0.0870
0.0625
0.1600

0.0583

Asznay 108 NaansNlaannnigld Random Forest fil Default Parameters Tpeiuiia

v

RF with Original RF with Under

true label
true label

true label

m@gmiu@”mmmu 70:30 1 Feature Selection #2833 Decision Tree

RF with Over

0 1 0 1
predicted label predicted label

RF with Over with Half

true label
true label

o]

RF with SMOTE

1
predicted label

0 1
predicted label

0

1

predicted label
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4.5.3 NAAWET LAAINMTULERTIHINTDITANALINAL 67:33

4531 HRANBNLAAINNSLE Feature Selection 1agiAd Threshold

Accuracy Specificity Sensitivity Precision F1 Score

Qriginal 0.9789
Under 0.4155
Over 0.9765
Cver with Half 0.9906

SMOTE 0.9225

1.0000
0.4029
0.9808
0.9952

0.9305

0.0000
1.0000
0.7778
07778

0.5556

nan
0.0349
0.4667
07778

0.1471

0.0000
0.0674
0.5833
07778

0.2326

Alsznal 110 uadwsnlaannni3ld Random Forest i1 Default Parameters Tagiiiiig

¥

RF with

true label

Original

true label

0

RF with Under

true label

ﬂjmga‘luﬂ”mm'fm 67:33 14 Feature Selection #2835 Threshold

RF with Over

1

predicted label

ANLgznaL 111

RF with Over with Half

true label

predicted label

true label

o]

RF with SMOTE

1
predicted label

4]
predicted label

1

o]

1

predicted label
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4.5.3.2 HAANENLAAINNISLE Feature Selection 1agiAs Mutual Information

Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9789 1.0000 0.0000 nan 0.0000
Under 0.6150 0.6067 1.0000 0.0520 0.0989
Over 0.9977 1.0000 0.5889 1.0000 09412
Over with Half 0.9977 1.0000 0.5889 1.0000 0a412
SMOTE 0.9671 0.9736 0.6667 0.3529 0.4615

nlsznal 112 uadnsnlaannnisld Random Forest iU Default Parameters Tagiiiiig

¥

mmgdaluﬁmmm'qu 67:33 I Feature Selection A28@3 Mutual Information Classification

RF with Original RF with Over with Half RF with Over

true label
true label
true label

0 1 0 1 0 1
predicted label predicted label predicted label

RF with SMOTE RF with Under

true label
true label

0 1 0 1
predicted label predicted label
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4.5.3.3 HAANENLAAINNISLE Feature Selection ImgiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.9789 1.0000 0.0000 nan 0.0000
Under 0.5404 0.8513 0.3335 0.0462 0.0811
Over 0.3779 0.3645 1.0000 0.0328 0.0636
Over with Half 0.9437 0.9592 0.2222 0.1053 0.1429
SMOTE 0.4155 0.4053 0.8889 0.0312 0.0604

Ansznau 114 uaansnlaannnigld Random Forest fil Default Parameters Tpeiuiia

v

m@gmiu@”mmmu 67:33 1 Feature Selection A2833 Decision Tree

RF with Original RF with Under RF with Over

true label
true label
true label

0 1 0 1 0 1
predicted label predicted label predicted label

RF with Over with Half RF with SMOTE

true label
true label

0 1 0 1
predicted label predicted label
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4.6 HARNENEARINNISITAAND37IN Random Forest NU Default Parameters wag

Balanced Class Weight
4.6.1 Naﬁwémnnﬁsm_iq'é“m'\dqummi'ﬂgawhﬁ’u 75:25

4.6.1.1 HRANBNLAAINNSLE Feature Selection 1agiAd Threshold

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.9783 1.0000 0.0000 nan 0.0000
Under 0.4056 0.3924 1.0000 0.0352 0.0880
Over 0.9721 0.9842 0.4286 0.3730 0.4000
Over with Half 0.9876 0.9968 0.5714 0.8000 06667
SMOTE 0.9257 0.9399 0.2857 0.0952 0.1429

nwdsznau 116 waansnlaainnisld Random Forest fiu Default Parameters Wag
Balanced Class Weight Tneiutisdayaludnsdan 75:25 14 Feature Selection #2235

Threshold

RF Balanced CW with Original RF Balanced CW with Under RF Balanced CW with Over

true label
true label
true label

1 7 0 1 0 7 1 4 3
0 1 0 1 0 1
predicted label predicted label predicted label
RF Balanced CW with Over with Half RF Balanced CW with SMOTE

true label
true label

0 1 0 1
predicted label predicted label
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4.6.1.2 HAANBNIAAINNSLE Feature Selection 1agiAs Mutual Information
Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9783 1.0000 0.0000 nan 0.0000
Under 0.5139 0.5032 1.0000 0.0427 0.0819
Over 0.9938 1.0000 0.7143 1.0000 0.8333
Over with Half 0.9907 0.9968 0.7143 0.8333 0.7692
SMOTE 0.9690 0.9778 0.5714 0.3636 0.4444

nwilsznall 118 uaswanlaainnisld Random Forest il Default Parameters Way
Balanced Class Weight Tneiutisdasaludnsndan 75:25 14 Feature Selection #4833

Mutual Information Classification

RF Balanced CW with Original RF Balanced CW with Under RF Balanced CW with Over

true label
true label
true label

1 7 0 1 0 7 1 2 5]
0 1 0 1 0 1
predicted label predicted label predicted label
RF Balanced CW with Over with Half RF Balanced CW with SMOTE

true label
true label

0 1 0 1
predicted label predicted label
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46.1.3 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘ﬁ' Feature Selection 1meiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.4087 0.3987 0.8371 0.0306 0.0591
Under 0.8514 0.5671 0.1429 0.0233 0.0400
Over 0.3870 0.3734 1.0000 0.0341 0.0660
Over with Half 0.3870 0.3734 1.0000 0.0341 0.0660
SMOTE 0.4211 0.4114 0.8571 0.0312 0.0803

awdsznau 120 waansnlaannisld Random Forest fiu Default Parameters Lag
Balanced Class Weight Tneiutisdayaludnsndan 75:25 14 Feature Selection #2235

Decision Tree

RF Balanced CW with Original RF Balanced CW with Under RF Balanced CW with Over
0 o] 42 0
T @ T
E= F=1 2
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@ w @
2 4 2
1 1 6 1 6 d 1 o] 7
0 1 0 1 0 1
predicted label predicted label predicted label
RF Balanced CW with Over with Half RF Balanced CW with SMOTE

true label
true label

0 1 0 1
predicted label predicted label
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4.6.2 NAANWET LAAINMFULERTIEINTBITANALINAL 70:30

4.6.2.1 HAANBNLAAINNSLE Feature Selection 1agiAd Threshold

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.9793
Under 0.4109
Over 0.9742

Over with Half 0.9897

SMOTE 0.9173

nwilsznall 122 uaswanlaainnisld Random Forest il Default Parameters Lay

Balanced Class Weight Tneiutisdayaludnsdaw 70:30 14 Feature Selection #2235

RF Balanced CW with Original

true label
true label

1.0000
0.3984
0.9815
0.9947

0.9288

0.0000
1.0000
0.6250
0.7500

0.3750

Threshold

RF Balanced CW with Under

true label

nan
0.0339
0.4167
0.7500

0.1000

RF Balanced CW with Over

0.0000
0.0656
0.5000
0.7500

0.1579

0 1
predicted label

predicted label

RF Balanced CW with Over with Half

true label

true label

RF Balanced CW with SMOTE

o]

predicted label

0
predicted label

1

1]

1

predicted label

1
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4.6.2.2 HAANBNLAAINNSLE Feature Selection TagiAs Mutual Information

Classification
Accuracy Specificity Sensitivity Precision F1 Score
Original 0.9793 1.0000 0.0000 nan  0.0000
Under 0.5607 0.5515 1.0000 0.0449  0.0860
Over 0.9974 1.0000 0.8750 1.0000 09333
Over with Half 0.9922 0.9974 0.7500 0.8571 0.8000
SMOTE 0.9690 0.9763 0.6250 0.3571 0.4545

nwilsznall 124 uasnanlaainnisld Random Forest il Default Parameters Way
Balanced Class Weight Tneiutisdayaludnsdaw 70:30 14 Feature Selection #2235

Mutual Information Classification

RF Balanced CW with Original RF Balanced CW with Under RF Balanced CW with Over

true label
true label
true label

1 8 0 1 0 8 1 1 7
0 1 0 1 0 1
predicted label predicted label predicted label
RF Balanced CW with Over with Half RF Balanced CW with SMOTE

true label
true label

0 1 0 1
predicted label predicted label
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46.2.3 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘ﬁ' Feature Selection 1meiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.4005 0.3905 0.8750 0.0294 0.0569
Under 0.2791 0.2639 1.0000 0.0279 0.0542
Over 0.3798 0.3668 1.0000 0.0323 0.0625
Over with Half 0.3798 0.3668 1.0000 0.0323 0.0625
SMOTE 0.4160 0.4063 0.8750 0.0302 0.0583

awdsznau 126 waansnlaannisld Random Forest fiu Default Parameters Wag
Balanced Class Weight Tneiutisdayaludnsndau 70:30 14 Feature Selection #2235

Decision Tree

RF Balanced CW with Original RF Balanced CW with Under RF Balanced CW with Over
0 o] 100 0
T @ T
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4.6.3 NAANWET LAAINMFULNARTIHINTDITANALVINNL 67:33

4.6.3.1 HAANBNLAAINNSLE Feature Selection 1agiAd Threshold

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.4005
Under 0.2791
Over 0.3798

Over with Half 0.3798
SMOTE 0.4160

0.3905
0.2639
0.3668
0.3668

0.4063

0.87350
1.0000
1.0000
1.0000

0.8750

0.0294
0.0279
0.0323
0.0323

0.0302

0.0569
0.0542
0.0625
0.0625

0.0583

Awilsznal 128 uaansnlaainnisld Random Forest i1 Default Parameters LAY

Balanced Class Weight Tneiutisdaaludnsdqn 67:33 14 Feature Selection #2235

RF Balanced CW with Original

true label
true label

Threshold

RF Balanced CW with Under

100

true label

RF Balanced CW with Over

predicted label

0

predicted label

RF Balanced CW with Over with Half

true label

true label

1

RF Balanced CW with SMOTE
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1
predicted label

predicted label

1]

1

predicted label
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4.6.3.2 HAANENLAAINNSLE Feature Selection 1agiAs Mutual Information

Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9789 1.0000 0.0000 nan 0.0000
Under 0.5892 0.5803 1.0000 0.0489 0.0933
Over 0.9977 1.0000 0.5889 1.0000 09412
Over with Half 0.9953 1.0000 07778 1.0000 0.8750
SMOTE 0.9742 0.9784 0.7778 0.4375 0.5600

nwilsznall 130 uadwanlaaInnisld Random Forest il Default Parameters Way
Balanced Class Weight Tneiutisdaaludnsdqn 67:33 14 Feature Selection #2235

Decision Tree

RF Balanced CW with Original RF Balanced CW with Under RF Balanced CW with Over

true label
true label
true label

1 9 0 1 0 9 1 1 8
0 1 0 1 0 1
predicted label predicted label predicted label
RF Balanced CW with Over with Half RF Balanced CW with SMOTE

true label
true label

0 1 0 1
predicted label predicted label

nilsenay 131 uadnsnlaan Confusion Matrix iLRan19dAnIsAvTymAnllanng

v
Y TaLATINN A



103

46.3.3 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘f Feature Selection 1meiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.4014 0.3909 0.8889 0.0305 0.0580
Under 0.8404 0.8513 0.3333 0.0462 0.081
Over 0.3779 0.3645 1.0000 0.0328 0.0636
Over with Half 0.3779 0.3645 1.0000 0.0328 0.0636
SMOTE 0.4155 0.4053 0.5889 0.0312 0.0604

niszney 132 uadnsi ldainnasld Random Forest i Default Parameters was
Balanced Class Weight Tneiuiisiayaludnsndan 67:33 14 Feature Selection #atids

Decision Tree

RF Balanced CW with Original RF Balanced CW with Under RF Balanced CW with Over
0 o] 62 0
T T T
o o 2
Ic] 5 ©
@ v @
2 2 2
1 1 8 1 6 3 1 [ 9
0 1 0 1 0 1
predicted label predicted label predicted label
RF Balanced CW with Over with Half RF Balanced CW with SMOTE

true label
true label

; 7 ; 7
predicted label predicted label
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4.7 HARNENEARINNISITAAND5 7N Random Forest NU Default Parameters wag Ratio
Class Weight

4.7.1 NAAWSAINNITULNARSIRIUIBITRYALVINNY 75:25

4711 HRANBNLAAINNSLE Feature Selection 1agiAd Threshold

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.9783 1.0000 0.0000 nan 0.0000
Under 0.4923 0.4810 1.0000 0.0409 0.07&87
Over 0.9752 0.9842 0.5714 0.4444 0.5000
Over with Half 0.9783 0.9873 0.5714 0.3000 0.3333
SMOTE 0.9226 0.9335 0.4286 0.1250 0.1935

Nsenau 134 NRANST lBann131E Random Forest fidl Default Parameters LA Ratio

Class Weight tneiurisdayaludnsndan 75:25 1 Feature Selection #ae35 Threshold

RF Ratio CW with Original RF Ratio CW with Under RF Ratio CW with Over

true label
true label
true label

1 7 0 1 0 7 1 3 4
0 1 0 1 0 1
predicted label predicted label predicted label
RF Ratio CW with Over with Half RF Ratio CW with SMOTE

true label
true label

0 1 0 1
predicted label predicted label
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4.7.1.2 HRANBNIAAINNSLE Feature Selection TagiAs Mutual Information

Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9783 1.0000 0.0000 nan 0.0000
Under 0.5604 0.5506 1.0000 0.0470 0.0897
Over 0.9938 0.9968 0.8571 0.8571 0.8571
Over with Half 0.9969 0.9968 1.0000 0.8750 09333
SMOTE 0.9752 0.9810 0.7143 0.4545 0.5556

nwilsznall 136 uadninlaaInni3ld Random Forest 1 Default Parameters A% Ratio
Class Weight taaiutisdiayaludnsndan 75:25 14 Feature Selection #aeds Mutual

Information Classification

RF Ratio CW with Original RF Ratio CW with Under RF Ratio CW with Over

true label
true label
true label

1 7 0 1 0 7 1 1 6
0 1 0 1 0 1
predicted label predicted label predicted label
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4713 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘ﬁ' Feature Selection 1meiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.4087 0.3987 0.8371 0.0306 0.0591
Under 0.2663 0.2500 1.0000 0.0287 0.0556
Over 0.3870 0.3734 1.0000 0.0341 0.0660
Over with Half 0.3870 0.3734 1.0000 0.0341 0.0660
SMOTE 0.4087 0.3987 0.8571 0.0306 0.0591

Asznal 138 naansnlaainnsld Random Forest i1 Default Parameters WAy Ratio

Class Weight Tnaimiisdayaludnsndan 75:25 14 Feature Selection #9335 Decision Tree

RF Ratio CW with Original RF Ratio CW with Under RF Ratio CW with Over
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4.7.2 uaANWETlAAINMSULERTIEINTBITaNALINNL 70:30

4.7.2.1 HRANBNLAAINNSLE Feature Selection 1agiAd Threshold

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9793 1.0000 0.0000 nan 0.0000
Under 0.4858 0.4749 1.0000 0.0386 0.0744
Over 0.9742 0.9815 0.6250 0.4167 0.5000
Over with Half 0.9819 0.9894 0.6250 0.5556 0.5882
SMOTE 0.9199 0.9288 0.5000 0.1290 0.2051

nwilsznall 140 uadninlaainni3ld Random Forest i1 Default Parameters A% Ratio

Class Weight tnaiutisdayaludnsndan 70:30 14 Feature Selection #ae/3d Threshold

RF Ratio CW with Original RF Ratio CW with Over with Half RF Ratic CW with Over
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true label

0 1 0 1 0 1
predicted label predicted label predicted label

RF Ratio CW with SMOTE RF Ratio CW with Under
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4.7.2.2 HRANBNLAANNSLE Feature Selection IagiAs Mutual Information

Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9793 1.0000 0.0000 nan 0.0000
Under 0.5866 0.5778 1.0000 0.0476 0.0909
Over 0.9974 1.0000 0.8750 1.0000 0.9333
Over with Half 0.9922 0.9974 0.7500 0.8571 0.8000
SMOTE 0.9638 0.9710 0.6250 0.3125 0.4167

Ailsznell 142 uadnsnlaaInni3ld Random Forest i1 Default Parameters Wag Ratio
Class Weight taaiutisiiayaludnsndan 70:30 14 Feature Selection #aeiad Mutual

Information Classification

RF Ratio CW with Original RF Ratio CW with Under RF Ratio CW with Over

true label
true label
true label
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0 1 0 1 0 1
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47.2.3 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘f Feature Selection 1meiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.3953 0.3852 0.8750 0.0292 0.0565
Under 0.2558 0.2401 1.0000 0.0270 0.0526
Over 0.3798 0.3668 1.0000 0.0323 0.0625
Over with Half 0.3798 0.3668 1.0000 0.0323 0.0625
SMOTE 0.3953 0.3826 1.0000 0.0331 0.0840

Awlsenal 144 uadwsn laannnisld Random Forest i1 Default Parameters A% Ratio

Class Weight Tnaiuiisdayaludnsndau 70:30 4 Feature Selection #9335 Decision Tree

RF Ratio CW with Original RF Ratio CW with Under RF Ratic CW with Over
Q 91
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4.7.3 NAAWET LAAINMTULERTIHINTBITRNALINAL 67:33

4.7.3.1 HRANBNLAAINNS LG Feature Selection 1agiAd Threshold

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9789 1.0000 0.0000 nan 0.0000
Under 0.5047 0.4940 1.0000 0.0409 0.0786
Over 0.9812 0.9856 0.7778 0.5385 0.6364
Over with Half 0.9859 0.9304 07778 0.6364 0.7000
SMOTE 0.9202 0.9281 0.5556 0.1429 0.2273

NWLTENaL 146 NAANET IPAINN131E Random Forest i1 Default Parameters LA Ratio

Class Weight taaiutisiayaludnsndan 67:33 14 Feature Selection #aeiRd Threshold

RF Ratio CW with Original RF Ratio CW with Under RF Ratio CW with Over
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true label
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0 1 0 1 0 1
predicted label predicted label predicted label
RF Ratio CW with Over with Half RF Ratio CW with SMOTE
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4.7.3.2 HRANBNLAAINNSLE Feature Selection 1agiAs Mutual Information

Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9789 1.0000 0.0000 nan 0.0000
Under 0.5751 0.5659 1.0000 0.0474 0.0905
Over 0.9977 1.0000 0.5889 1.0000 09412
Over with Half 0.9977 1.0000 0.5889 1.0000 0a412
SMOTE 0.9718 0.9784 0.6667 0.4000 0.5000

ANilsznell 148 wadNsNlAaInnN131d Random Forest i1 Default Parameters Wag Ratio
Class Weight taaiutisiiayaludnandan 67:33 14 Feature Selection #aeiad Mutual

Information Classification

RF Ratio CW with Original RF Ratio CW with Under RF Ratio CW with Over

true label
true label
true label

1 9 0 1 0 9 1 1 8
0 1 0 1 0 1
predicted label predicted label predicted label

RF Ratio CW with Over with Half RF Ratio CW with SMOTE
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47.3.3 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘f Feature Selection 1meiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.4014 0.3909 0.5889 0.0305 0.0590
Under 0.2488 0.2326 1.0000 0.0274 0.0533
Over 0.3779 0.3645 1.0000 0.0328 0.0636
Over with Half 0.3779 0.3645 1.0000 0.03286 0.0636
SMOTE 0.4155 0.4053 0.8889 0.0312 0.0604

Awlsznal 150 uaawsn laannni3ld Random Forest i1 Default Parameters A% Ratio

Class Weight Tnaimiisdayaludnsndau 67:33 14 Feature Selection #9835 Decision Tree

RF Ratio CW with Original RF Ratio CW with Under RF Ratic CW with Over
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4.8 HARNENEARNNNISITAAND3 7N Random Forest NU Default Parameters wag

Balanced Bagging Classifier
4.8.1Naéi'wémnmsm_iq'é'mﬁdqum'aﬁ"agawhﬁ'u 75:25

4.8.1.1 HAANBNLAAINNSLE Feature Selection 1agiAd Threshold

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.6656 0.6646 0.7143 0.0450 0.0847
Under 0.3560 0.3418 1.0000 0.0326 0.0631
Over 0.9752 0.9842 0.5714 0.4444 0.5000
Over with Half 0.9690 0.9747 0.7143 0.3846 0.3000
SMOTE 0.9133 0.9304 0.1429 0.0435 0.0667

Anilsznall 152 uasnanlaaInnisld Random Forest 1l Default Parameters ha
Balanced Bagging Classifier Ineiutisdayaludnsadan 75:25 14 Feature Selection #9835

Threshold

RF Bal_Bagging with Original RF Bal_Bagging with Under RF Bal_Bagging with Over
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4.8.1.2 HAANBNIAAINNSLE Feature Selection 1agiAs Mutual Information

Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.7957 0.7943 0.8571 0.0845 0.15386
Under 0.5573 0.5475 1.0000 0.0467 0.0892
Over 0.9938 0.9968 0.8571 0.8571 0.8571
Over with Half 0.9938 0.9937 1.0000 07778 0.8750
SMOTE 0.9505 0.9620 0.4286 0.2000 02727

nnsznall 154 uadwanlaainnisld Random Forest il Default Parameters WLay
Balanced Bagging Classifier Tneiutisdayaludnsdan 75:25 14 Feature Selection #9833

Mutual Information Classification

RF Bal_Bagging with Original RF Bal_Bagging with Under RF Bal_Bagging with Over
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true label
true label
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48.1.3 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘f Feature Selection 1meiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.3498 0.3354 1.0000 0.0323 0.0625
Under 0.8111 0.8228 0.2857 0.0345 0.0815
Over 0.3870 0.3734 1.0000 0.0341 0.0660
Over with Half 0.3870 0.3734 1.0000 0.0341 0.0660
SMOTE 0.4211 0.4114 0.8571 0.0312 0.0803

AnU3EnaU 156 HaANST lma1nn13ld Random Forest fiu Default Parameters 4a
Balanced Bagging Classifier Tneiutisdayaludnsdan 75:25 14 Feature Selection #9833

Decision Tree

RF Bal_Bagging with Original RF Bal_Bagging with Under RF Bal_Bagging with Over
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4.8.2 nAAWETLAAINMTULERTIEINTBITANALINAL 70:30
4.8.2.1 HAANENLAAINNS LT Feature Selection Tm#R8 Threshold

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.6925 0.6913 0.7500 0.04586 0.0916
Under 0.3643 0.3509 1.0000 0.0315 0.0611
Over 0.9793 0.9842 0.7500 0.5000 0.6000
Over with Half 0.9690 0.9736 0.7500 0.3750 0.5000
SMOTE 0.9044 0.9182 0.2500 0.0606 0.0976

nwilsznall 158 uaswanlaaInnisld Random Forest il Default Parameters Way
Balanced Bagging Classifier Tneiutisdayaludnsdan 70:30 14 Feature Selection #9833

Threshold

RF Bal_Bagging with Original RF Bal_Bagging with Under RF Bal_Bagging with Over

117
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4.8.2.2 HAANENLAAINNSLE Feature Selection 1agiAs Mutual Information
Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.8088 0.8179 0.3730 0.0417 0.0730
Under 0.5581 0.5488 1.0000 0.0447 0.0856
Over 0.9974 1.0000 0.8750 1.0000 0.9333
Over with Half 0.9948 0.9947 1.0000 0.8000 0.8889
SMOTE 0.9509 0.9604 0.5000 0.2105 0.2963

nwilsznall 160 uaswanlaaInni3ld Random Forest il Default Parameters Way
Balanced Bagging Classifier Tneiutisdayaludnsdan 70:30 14 Feature Selection #9833

Mutual Information Classification

RF Bal_Bagging with Original RF Bal_Bagging with Under RF Bal_Bagging with Over
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48.2.3 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘f Feature Selection 1meiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.3830 0.3747 0.8750 0.0287 0.0556
Under 0.5140 0.8232 0.3750 0.0429 0.0769
Over 0.3798 0.3668 1.0000 0.0323 0.0625
Over with Half 0.3798 0.3668 1.0000 0.0323 0.0625
SMOTE 0.4160 0.4063 0.8750 0.0302 0.0583

awdsznau 162 waansnlaainnisld Random Forest fiu Default Parameters Lag
Balanced Bagging Classifier Tneiutisdayaludnsdan 70:30 14 Feature Selection #9835

Decision Tree

RF Bal_Bagging with Original RF Bal_Bagging with Under RF Bal_Bagging with Over
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4.8.3 NAAWST LAAINMTULERTIHINTDITANALVINAL 67:33
4.8.3.1 HAANENLAAINNS LT Feature Selection Tn#R8 Threshold

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.6854 0.6859 0.6667 0.0438 0.0822
Under 0.3732 0.3597 1.0000 0.0326 0.0632
Over 0.9812 0.9856 0.7778 0.5385 0.6364
Over with Half 0.9718 0.9760 0.7778 0.4118 0.5385
SMOTE 0.2014 0.9137 0.3333 0.0769 0.1230

nwilsznall 164 uaswanlaainnisld Random Forest il Default Parameters Way
Balanced Bagging Classifier Tneiutivdayaludnsdau 67:33 14 Feature Selection #9833

Threshold

RF Bal_Bagging with Original RF Bal_Bagging with Under RF Bal_Bagging with Over
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4.8.3.2 HAANENLAAINNSLE Feature Selection IagiAs Mutual Information

Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.8169 0.8249 0.4444 0.0519 0.0930
Under 0.5610 0.5516 1.0000 0.0459 0.0878
Over 0.9977 1.0000 0.5889 1.0000 09412
Over with Half 0.9953 0.9952 1.0000 0.8182 0.2000
SMOTE 0.9554 0.9640 0.5556 0.2500 0.3448

nnilsznall 166 uasnanlaaInnI7ld Random Forest il Default Parameters Way
Balanced Bagging Classifier Tneiutisdayaludnsdanu 67:33 14 Feature Selection #9835

Mutual Information Classification

RF Bal_Bagging with Original RF Bal_Bagging with Under RF Bal_Bagging with Over
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48.3.3 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘f Feature Selection 1meiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.3709
Under 0.8169
Over 0.3779

Over with Half 0.3779

SMOTE 0.4155

0.3573
0.8273
0.3645
0.3645

0.4053

1.0000
0.3333
1.0000
1.0000

0.8889

0.0325
0.0400
0.0328
0.0328

0.0312

0.0629
0.0714
0.0636
0.0636

0.0604

Asznall 168 naansnlaannnigld Random Forest fiil Default Parameters LAY

Balanced Bagging Classifier Tneiutisdayaludnsdan 67:33 14 Feature Selection #9835

RF Bal_Bagging with Original
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4.9 HRANENLIAANNISLEaanasfin Random Forest Al Tuning Hyperparameters
4.9.1 NAAWEAINNFULNARSIRIUIRITAYALVINNY 75:25

4911 Naﬁwﬁﬁiﬁ'ﬂ’mn’li‘l‘ﬁ’ Feature Selection 1m&28 Threshold

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.9783 1.0000 0.0000 nan 0.0000
Under 0.4303 0.4177 1.0000 0.0366 0.0707
Over 0.5666 0.5570 1.0000 0.0476 0.0909
Over with Half 0.8885 0.8924 0.7143 0.1282 0.2174
SMOTE 0.7080 0.7120 0.5714 0.0421 0.0754

nnsenay 170 Waansy la1nnasld Random Forest iU Tuning Hyperparameters Tagl

LLﬁﬂ%’@H@Iu‘ﬂVMﬁ‘ﬁmu 75:25 14 Feature Selection #18ida Threshold

RF Tuning with Original RF Tuning with Under RF Tuning with Over
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4.9.1.2 HRANBNLAAINNSLE Feature Selection TagiAs Mutual Information

Classification
Accuracy Specificity Sensitivity Precision F1 Score
Original 0.9783 1.0000 0.0000 nan  0.0000
Under 0.4675 0.4557 1.0000 0.0391 0.0753
Over 0.8700 0.8671 1.0000 0.1429  0.2500
Over with Half 0.9783 0.9873 0.5714 05000 05333
SMOTE 0.8142 0.8133 0.8571 00923  0.1667

A nseney 172 uaansi liainnnsld Random Forest iU Tuning Hyperparameters Tagl

LLﬂG‘fJ’@H@ELu'éVM‘E’]mu 75:25 4 Feature Selection #1283 Mutual Information Classification

RF Tuning with Original RF Tuning with Under RF Tuning with Over
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4.9.1.3 HAANENLAAINNISLE Feature Selection ImgiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.9783 1.0000 0.0000 nan 0.0000
Under 0.2570 0.2405 1.0000 0.0285 0.0551
Over 0.3839 0.3703 1.0000 0.0340 0.0657
Over with Half 09412 0.9557 0.2857 0.1250 0.1739
SMOTE 0.4211 0.4114 0.8571 0.0312 0.0803

nwiseney 174 waansi ldainnisld Random Forest fiu Tuning Hyperparameters Tagl

LLﬂd%’@H@Iuﬁm’]mu 75:25 1 Feature Selection #28R3 Decision Tree

RF Tuning with Original RF Tuning with Under RF Tuning with Over
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4.9.2 uAANWETlAAINMTULERTIEINTBITANALINAL 70:30

4.9.2.1 HRANBNLAAINNSLE Feature Selection 1agiAd Threshold

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9793 1.0000 0.0000 nan 0.0000
Under 0.4109 0.3984 1.0000 0.0339 0.0656
Over 0.6021 0.5963 0.8750 0.0437 0.0833
Over with Half 0.5734 0.8734 0.8750 01273 02222
SMOTE 0.7674 0.7757 0.3750 0.0341 0.0625
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A nseney 176 naansi lwainnisld Random Forest iU Tuning Hyperparameters Tagl

LmﬂT@Q@Sluﬁmmmu 70:30 1 Feature Selection 7283 Threshold

RF Tuning with Original

RF Tuning with Under RF Tuning with Over
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true label
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0 1 0 1 0 1
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RF Tuning with Over with Half RF Tuning with SMOTE
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4.9.2.2 HAANBNLAAINNSLE Feature Selection TagiAs Mutual Information

Classification
Accuracy Specificity Sensitivity Precision F1 Score
Original 0.9793 1.0000 0.0000 nan  0.0000
Under 0.4393 0.4274 1.0000 00356  0.0687
Over 0.7752 0.7704 1.0000 0.0842 01553
Over with Half 0.9845 0.9921 0.6250 06250 065250
SMOTE 0.7855 0.7836 0.8750 00787  0.1443

A nseney 178 naansi lwainnnsld Random Forest fiu Tuning Hyperparameters Tngl

LLﬂxﬁ‘I’J’@H@Iuﬁm’]mu 70:30 1 Feature Selection #1283 Mutual Information Classification

RF Tuning with Original RF Tuning with Under RF Tuning with Over
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RF Tuning with Over with Half RF Tuning with SMOTE
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4.9.2.3 HAANENLAAINNISLE Feature Selection ImgiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.9793 1.0000 0.0000 nan 0.0000
Under 0.5398 0.5496 0.3750 0.0500 0.0882
Over 0.3798 0.3668 1.0000 0.0323 0.0625
Over with Half 0.9432 0.9578 0.2500 0111 0.15386
SMOTE 0.4160 0.4063 0.8750 0.0302 0.0583

Andsznay 180 uaansnlsainnisd Random Forest U Tuning Hyperparameters Iag

LLﬂG"I’J’@H@MﬁM?MQ‘LA 70:30 i Feature Selection #2£R3 Decision Tree

RF Tuning with Original RF Tuning with Under RF Tuning with Over
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true label
true label
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0 1 0 1 0 1
predicted label predicted label predicted label
RF Tuning with Over with Half RF Tuning with SMOTE

true label
true label

0 1 0 1
predicted label predicted label
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4.9.3 NAAWET LAAINMTULERTIHINTBITANALINAL 67:33
4.9.3.1 HAANENLAAINNS LT Feature Selection Tm#R8 Threshold

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9789 1.0000 0.0000 nan 0.0000
Under 0.3779 0.3669 0.8889 0.0294 0.0569
Over 0.5493 0.5420 0.5889 0.0402 0.0769
Over with Half 0.9648 0.9784 0.3333 0.2500 0.2857
SMOTE 0.6667 0.6667 0.6667 0.0414 0.0779

A nseney 182 uaansi lwainnnsld Random Forest fiu Tuning Hyperparameters Tngl

LLﬂGfJ’@H@Tuﬁm’]mu 67:33 I Feature Selection #2823 Threshold

RF Tuning with Original RF Tuning with Under RF Tuning with Over

true label
true label
true label

1 9 0 1 ah 8 1 ah 8
0 1 0 1 0 1
predicted label predicted label predicted label
RF Tuning with Over with Half RF Tuning with SMOTE
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true label
true label

0 1 0 1
predicted label predicted label
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4.9.3.2 HAANENIAAINNSLE Feature Selection TagiAs Mutual Information

Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9789 1.0000 0.0000 nan 0.0000
Under 0.6080 0.5995 1.0000 0.0511 0.0973
Over 0.8545 0.8513 1.0000 0.1268 0.2250
Over with Half 0.9906 0.9976 0.6667 0.8571 0.7500
SMOTE 0.7840 0.7794 1.0000 0.0891 0.1636

A nseney 184 naansi lwainnnsld Random Forest fiu Tuning Hyperparameters Tngl

LLﬁxﬁ‘I’J’@H@Iuﬁm&’]mu 67:33 I Feature Selection #28R3 Mutual Information Classification

RF Tuning with Original RF Tuning with Under RF Tuning with Over

true label
true label
true label

1 9 0 1 0 9 1 0 9
0 1 0 1 0 1
predicted label predicted label predicted label
RF Tuning with Over with Half RF Tuning with SMOTE

true label
true label

0 1 0 1
predicted label predicted label

nilsenay 185 uaansNlAaIN Confusion Matrix iLRaN19dANNsAUTymANllanng

v
YT ATINN A



130

4.9.3.3 HAANENLAAINNSLE Feature Selection IagiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.9789 1.0000 0.0000 nan 0.0000
Under 0.8052 0.8153 0.3335 0.0375 0.0674
Over 0.3779 0.3645 1.0000 0.0328 0.0636
Over with Half 0.9437 0.9592 0.2222 0.1053 0.1429
SMOTE 0.4155 0.4053 0.8889 0.0312 0.0604

Andsznay 186 uaansnlaainnisd Random Forest U Tuning Hyperparameters Iag

LLﬂG"I’J’@H@MﬁM?MQ‘LA 67:33 I Feature Selection #2853 Decision Tree

RF Tuning with Original RF Tuning with Under RF Tuning with Over

true label
true label

true label

1 9 0 1 6 3 1 0 9
0 1 0 1 0 1
predicted label predicted label predicted label
RF Tuning with Over with Half RF Tuning with SMOTE

true label
true label

0 1 0 1
predicted label predicted label
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4.10 NARNENLAAINNNSLEDaNa3Na Random Forest N Tuning Hyperparameters
LLag Balanced Class Weight

4.10.1 NAAWEAINNITULNARSIRIUIBITAYALYINAL 75:25

4.10.1.1 HAANWENEARAINNISLT Feature Selection TAgiAs Threshold

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.7895 0.8006 0.2857 0.0308 0.0556
Under 0.3839 0.3703 1.0000 0.0340 0.0857
Over 0.5666 0.5601 0.8271 0.0414 0.0789
Over with Half 0.5944 0.5886 0.8571 0.0441 0.0839
SMOTE 0.7276 0.7310 0.5714 0.0449 0.0833

nnilsenay 188 Waansy la1nnsld Random Forest fiu Tuning Hyperparameters Laz
Balanced Class Weight Tnaiutisdayaludnsdan 75:25 14 Feature Selection #2235

Threshold

RF Balanced CW with Original RF Balanced CW with Under RF Balanced CW with Over

true label
true label
true label

0 1 0 1 0 1
predicted label predicted label predicted label

RF Balanced CW with Over with Half RF Balanced CW with SMOTE

true label
true label

[} 1 [} 1
predicted label predicted label
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4.10.1.2 HAANENEAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9690 0.9905 0.0000 0.0000 0.0000
Under 0.4427 0.4304 1.0000 0.0374 00722
Over 0.8700 0.8671 1.0000 0.1429 0.2500
Over with Half 0.5700 0.8671 1.0000 0.1429 0.2500
SMOTE 0.8235 0.8259 0.7143 0.0833 0.1493

nnseneay 190 uaansi lia1nnnsld Random Forest fiu Tuning Hyperparameters wag
Balanced Class Weight Tneiutisdasaludnsndan 75:25 14 Feature Selection #4833

Mutual Information Classification

RF Balanced CW with Original RF Balanced CW with Under RF Balanced CW with Over

true label
true label
true label

1 2 5
0 1 0 1 0 1
predicted label predicted label predicted label
RF Balanced CW with Over with Half RF Balanced CW with SMOTE
0 1 7
T T
2 2
& &
@ @
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] ]
1 2 5 1 3 4
0 1 0 1
predicted label predicted label
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410.1.3 Naﬁ’wﬁﬁ'lﬁﬁ’mm'ﬂ% Feature Selection 1aeid8 Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.4180
Under 0.5266
Over 0.3808

Over with Half 0.3839

SMOTE 0.4211

0.4082
0.5386
0.3671
0.3703

0.4114

0.8371
0.2857
1.0000
1.0000

0.8571

0.0311
0.0377
0.0338
0.0340

0.0312

0.0600
0.0667
0.0654
0.0657

0.0803

nwilsznayu 192 waans lnannisld Random Forest iU Tuning Hyperparameters ua

Balanced Class Weight Tneiutisdayaludnsndan 75:25 14 Feature Selection #2235

RF Balanced CW with Original

true label
true label

Decision Tree

RF Balanced CW with Under

true label

RF Balanced CW with Over

predicted label

0

predicted label

RF Balanced CW with Over with Half

true label

true label

1

RF Balanced CW with SMOTE

0

1
predicted label

predicted label

o

1

predicted label
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4.10.2 NAAWEN bAAINMSULERTIEINTBITANALINAL 70:30

4.10.2.1 HAANWENEAAINNISLT Feature Selection TAgiAs Threshold

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.8837 0.8971 0.2500 0.04586 0.0816
Under 0.3902 0.3773 1.0000 0.0328 0.0635
Over 0.6227 0.6174 0.8750 0.0461 0.0875
Over with Half 0.6848 0.6781 1.0000 0.0815 0.1159
SMOTE 0.7881 0.7968 0.3750 0.0375 0.0682

A wilszney 194 uaaws nainnisd Random Forest 11 Tuning Hyperparameters uae
Balanced Class Weight Tneiutisdayaludnsdaw 70:30 14 Feature Selection #2235

Threshold

RF Tuning Balanced CW with Original RF Tuning Balanced CW with Under RF Tuning Balanced CW with Over

true label
true label
true label

0 1 0 1 0 1
predicted label predicted label predicted label

RF Tuning Balanced CW with Over with Ha  RF Tuning Balanced CW with SMOTE
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true label
true label

[o} 1 [o} 1
predicted label predicted label
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4.10.2.2 HAANENEAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9561 0.9763 0.0000 0.0000 0.0000
Under 0.5478 0.5383 1.0000 0.0437 0.0838
Over 0.7933 0.7889 1.0000 0.0209 0.1667
Over with Half 0.8605 0.5602 0.8750 0.1167 0.2059
SMOTE 0.7649 0.7599 1.0000 0.0808 0.1495

nnsenay 196 Naansh la1nnnsld Random Forest fiu Tuning Hyperparameters wag
Balanced Class Weight Tneiutisdayaludnsdaw 70:30 14 Feature Selection #2235

Mutual Information Classification

RF Tuning Balanced CW with Original RF Tuning Balanced CW with Under RF Tuning Balanced CW with Over

true label
true label
true label

0 1 0 1 0 1
predicted label predicted label predicted label

RF Tuning Balanced CW with Over with Ha  RF Tuning Balanced CW with SMOTE

true label
true label

[o} 1 [o} 1
predicted label predicted label
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4.10.2.3 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘f Feature Selection 1aeid8 Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.3928 0.3826 0.8750 0.0290 0.0562
Under 0.5398 0.5496 0.3750 0.0500 0.0882
Over 0.3773 0.3641 1.0000 0.0321 0.0623
Over with Half 0.3798 0.3668 1.0000 0.0323 0.0625
SMOTE 0.4160 0.4063 0.8750 0.0302 0.0583

nwilsznay 198 waansn lnannisld Random Forest iU Tuning Hyperparameters ua
Balanced Class Weight Tneiutisdayaludnsndau 70:30 14 Feature Selection #2235

Decision Tree

RF Tuning Balanced CW with Original RF Tuning Balanced CW with Under RF Tuning Balanced CW with Over
0 0 57 0
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1 ah 7 1 5 3 1 0 8

0 1 0 1 0 1
predicted label predicted label predicted label

RF Tuning Balanced CW with Over with Ha  RF Tuning Balanced CW with SMOTE

true label
true label

0 1 0 1
predicted label predicted label
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4.10.3 NAAWEN bAAINMSTULERTIEINTBITANALINAL 67:33

4.10.3.1 HAANWENEARAINNISLT Feature Selection TAgiAs Threshold

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.8873 0.8993 0.3333 0.0667 01111
Under 0.3427 0.3285 1.0000 0.0311 0.0804
Over 0.6174 0.6115 0.5889 0.0471 0.0894
Over with Half 0.6901 0.6835 1.0000 0.06838 0.1200
SMOTE 0.7934 0.8010 0.4444 0.0460 0.0833

nnsenay 200 NaaNET la1nn1sld Random Forest fiu Tuning Hyperparameters wag

Balanced Class Weight Tneiutisdaaludnsdqn 67:33 14 Feature Selection #2235

Threshold
RF Tuning Balanced CW with Original RF Tuning Balanced CW with Under RF Tuning Balanced CW with Over
42 04 137
o o o
o o o
© © ©
o o o
2 2 2
5 5 5
1 6 3 1 0 9 1 1 8
0 1 0 1 0 1
predicted label predicted label predicted label

RF Tuning Balanced CW with Over with Ha  RF Tuning Balanced CW with SMOTE
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true label
true label

[o} 1 [o} 1
predicted label predicted label
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4.10.3.2 HAANWENEAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9554 0.9760 0.0000 0.0000 0.0000
Under 0.5986 0.5899 1.0000 0.0500 0.0952
Over 0.8286 0.8249 1.0000 0.1098 0.1978
Over with Half 0.9014 0.5993 1.0000 0.1785 0.3000
SMOTE 0.7770 0.7746 0.5889 0.0784 0.1441

nnlsenay 202 uaansi lia1nnnsld Random Forest fiu Tuning Hyperparameters was
Balanced Class Weight Tneiutisdaaludnsdqn 67:33 14 Feature Selection #2235

Mutual Information Classification

RF Tuning Balanced CW with Original RF Tuning Balanced CW with Under RF Tuning Balanced CW with Over

true label
true label
true label

0 1 0 1 0 1
predicted label predicted label predicted label

RF Tuning Balanced CW with Over with Ha  RF Tuning Balanced CW with SMOTE

true label
true label

[o} 1 [o} 1
predicted label predicted label
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4.10.3.3 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘f Feature Selection 1aeid8 Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.3967 0.3861 0.5889 0.0303 0.0586
Under 0.8169 0.8273 0.3335 0.0400 0.0714
Over 0.3779 0.3645 1.0000 0.0328 0.0636
Over with Half 0.3779 0.3645 1.0000 0.03286 0.0636
SMOTE 0.4155 0.4053 0.8889 0.0312 0.0604

nilsznay 204 waansn lnannisld Random Forest iU Tuning Hyperparameters ua
Balanced Class Weight Tneiutisdayaludnsndau 67:33 14 Feature Selection #2235

Decision Tree

RF Tuning Balanced CW with Original RF Tuning Balanced CW with Under RF Tuning Balanced CW with Over
0 o] 72 0
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w w w
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RF Tuning Balanced CW with Over with Ha  RF Tuning Balanced CW with SMOTE
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true label

0 1 0 1
predicted label predicted label
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4.11 NARNENLAAINNNSLEDaNa37Na Random Forest N Tuning Hyperparameters
LAy Ratio Class Weight

4.11.1 RAAWEAINNITULNARSIRIUIRITRYALYINNY 75:25

4.11.1.1 HAANENEARAINNISLT Feature Selection TAgiAs Threshold

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.8080 0.8196 0.2857 0.0339 0.0606
Under 0.1053 0.0854 1.0000 0.0236 0.0462
Over 01917 0.1329 1.0000 0.0249 0.0486
Over with Half 0.1672 0.1487 1.0000 0.0254 0.0495
SMOTE 0.3560 0.3418 1.0000 0.0326 0.0631

nnisenay 206 NaaNsT La1nn1sld Random Forest fiu Tuning Hyperparameters Laz

Ratio Class Weight Iasiutiadasaludnsdau 75:25 14 Feature Selection fagda

Threshold
RF Tuning Ratio CW with Original RF Tuning Ratio CW with Under RF Tuning Ratio CW with Over
57 0 27 0 42
o o o
F=1 F=1 F=1
© © ©
w w w
4 4 4
1 5 2 1 0 7 1 0 7
0 1 0 1 0 1
predicted label predicted label predicted label
RF Tuning Ratio CW with Over with Half RF Tuning Ratio CW with SMOTE
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4.11.1.2 HRANENEAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9598 0.9810 0.0000 0.0000 0.0000
Under 0.1858 0.1677 1.0000 0.0259 0.0505
Over 0.2539 0.2373 1.0000 0.0282 0.0549
Over with Half 0.2755 0.2595 1.0000 0.0290 0.0565
SMOTE 0.4954 0.4842 1.0000 0.0412 0.0791

nnlsenay 208 Naansh la1nnnsld Random Forest fiu Tuning Hyperparameters wag
Ratio Class Weight Iasiutisdayaludnsdau 75:25 14 Feature Selection #a8i3s Mutual

Information Classification

RF Tuning Ratio CW with Original RF Tuning Ratio CW with Under RF Tuning Ratio CW with Over

true label

true label
true label

0 1 0 1 0 1
predicted label predicted label predicted label

RF Tuning Ratio CW with Over with Half RF Tuning Ratio CW with SMOTE

true label
true label

[o} 1 [o} 1
predicted label predicted label
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1.3 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘f Feature Selection 1aeid8 Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.4056 0.3956 0.8371 0.0305 0.0588
Under 0.0217 0.0000 1.0000 0.0217 0.0424
Over 0.3839 0.3703 1.0000 0.0340 0.0657
Over with Half 0.3839 0.3703 1.0000 0.0340 0.0857
SMOTE 0.3994 0.3861 1.0000 0.0348 0.0673

nilsznay 210 waansn lnannisld Random Forest iU Tuning Hyperparameters uas

Ratio Class Weight Insiutiadayaludnaaan 75:25 14 Feature Selection #agids Decision

Tree
RF Tuning Ration CW with Original RF Tuning Ration CW with Under RF Tuning Ration CW with Over
o] o] 0 o]
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w w w
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1 1 6 1 0 7 1 0 7
0 1 0 1 0 1
predicted label predicted label predicted label
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RF Tuning Ration CW with Over with Half RF Tuning Ration CW with SMOTE
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4.11.2 NAAWEN bAAINMSULERIIEINTBITaNALINAL 70:30

4.11.2.1 HRANENEAAINNISLT Feature Selection TAgiAs Threshold

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.8863 0.8997 0.2500 0.0500 0.0833
Under 0.1886 0.1715 1.0000 0.0248 0.0485
Over 0.2274 0.2111 1.0000 0.0261 0.0508
Over with Half 0.25086 0.2348 1.0000 0.0268 0.0523
SMOTE 0.4858 0.4749 1.0000 0.0386 0.0744

nnsenay 212 uaansi lainnnsld Random Forest fiu Tuning Hyperparameters wag
Ratio Class Weight Ingiutiadasaludnsndou 70:30 14 Feature Selection fngida

Threshold

RF Tuning Ratio CW with Original RF Tuning Ratio CW with Under RF Tuning Ratio CW with Over

true label
true label
true label

0 1 0 1 0 1
predicted label predicted label predicted label

RF Tuning Ratio CW with Over with Half RF Tuning Ratio CW with SMOTE

true label
true label

[o} 1 [o} 1
predicted label predicted label
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4.11.2.2 HRANENEAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision F1 Score
Qriginal 0.9587 0.9789 0.0000 0.0000 0.0000
Under 0.1034 0.0844 1.0000 0.0225 0.0441
Over 0.1008 0.0818 1.0000 0.0225 0.0440
Over with Half 0.2481 0.2322 1.0000 0.0268 0.0521
SMOTE 0.1240 0.1055 1.0000 0.0231 0.0451
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nnseneay 214 uaansi lainnnsld Random Forest fiu Tuning Hyperparameters wag

Ratio Class Weight Iasiutiadayaludnsdau 70:30 14 Feature Selection #a8i3s Mutual

RF Tuning Ratio CW with Original

true label

0 1
predicted label

Information Classification
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411.2.3 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘f Feature Selection 1aeid8 Decision Tree

Accuracy Specificity Sensitivity Precision

F1 Score

Original 0.3953
Under D.0z207
Over 0.3798

Over with Half 0.3798

SMOTE 0.4160

0.3852
0.0000
0.3668
0.3668

0.4063

0.8750
1.0000
1.0000
1.0000

0.8750

0.0292
0.0207
0.0323
0.0323

0.0302

0.0565
0.0405
0.0625
0.0625

0.0583

nilsznay 216 waansn nannisld Random Forest iU Tuning Hyperparameters ua

Ratio Class Weight Tnsiutiadayaludnsaau 70:30 14 Feature Selection Aagi3s Decision

true label

RF Tuning Ration CW with Over

Tree
RF Tuning Ration CW with Original RF Tuning Ration CW with Under
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4.11.3 NAAWEN bAAINMTULERIIEINTBITRNALINAL 67:33

4.11.3.1 HAANENEAAINNISLT Feature Selection TAgiAs Threshold

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.8897 0.8993 0.4444 0.0870 0.1435
Under 0.0469 0.0264 1.0000 0.0217 0.0425
Over 0.2207 0.2038 1.0000 0.0264 0.0514
Over with Half 0.2559 0.2398 1.0000 0.0276 0.0537
SMOTE 0.4883 0.4772 1.0000 0.0396 0.0763

nnlsenay 218 uaansi la1nnnsld Random Forest fiu Tuning Hyperparameters wag
Ratio Class Weight Ingiutiadasyaludnsdau 67:33 14 Feature Selection fagda

Threshold

RF Tuning Ratio CW with Original RF Tuning Ratio CW with Under RF Tuning Ratio CW with Over

true label
true label
true label

0 1 0 1 0 1
predicted label predicted label predicted label

RF Tuning Ratio CW with Over with Half RF Tuning Ratio CW with SMOTE
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4.11.3.2 HAANENEAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision F1 Score
Qriginal 0.9531 0.9736 0.0000 0.0000 0.0000
Under 0.1455 0.1271 1.0000 0.0241 0.0471
Over 0.1925 0.1751 1.0000 0.0255 0.0497
Over with Half 0.2418 0.2254 1.0000 0.0271 0.0528
SMOTE 0.3286 0.3141 1.0000 0.0305 0.0592
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nnsenay 220 uaansi lia1nnnsld Random Forest fiu Tuning Hyperparameters wag

Ratio Class Weight Iasiutiadayaludnsdau 67:33 14 Feature Selection A28 Mutual

RF Tuning Ratio CW with Original
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Information Classification
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4.11.3.3 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘f Feature Selection 1aeid8 Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.4014
Under 0.2488
Over 0.3779

Over with Half 0.3779

SMOTE 0.4014

0.3909
0.2326
0.3645
0.3645

0.3909

0.5889
1.0000
1.0000
1.0000

0.8889

0.0305
0.0274
0.0328
0.0328

0.0305

0.0590
0.0533
0.0636
0.0636

0.0580

nilsznay 222 waansn lnannisld Random Forest iU Tuning Hyperparameters ua

Ratio Class Weight Insiutiadayaludnaadau 67:33 14 Feature Selection #agi3s Decision

true label

RF Tuning Ration CW with Over

Tree
RF Tuning Ration CW with Original RF Tuning Ration CW with Under
o o 97
2 2
K] K]
w w
4 4
1 1 8 1 0 9
0 1 0 1

predicted label

predicted label

RF Tuning Ration CW with Over with Half

true label

true label

0

1
predicted label

RF Tuning Ration CW with SMOTE

predicted label

o

1

predicted label

nilsenay 223 uaansnlaan Confusion Matrix itRan1sdpnIsivilymAullanng

v
LSRN ISR



149

4.12 NARNENLAAINNNSLEDANa3NN Random Forest N Tuning Hyperparameters

LAz Balanced Bagging Classifier
4.12.1 RAAWEAINNITULNARSIRIUIRITRYALYINAL 75:25

4.12.1.1 HAANENEAAINNISLT Feature Selection TAgiAs Threshold

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.6656 0.6646 0.7143 0.0450 0.0847
Under 0.3839 0.3703 1.0000 0.0340 0.0857
Over 0.5697 0.5633 0.8271 0.0417 0.0795
Over with Half 0.6161 0.6078 1.0000 0.0534 0.1014
SMOTE 0.7307 0.7373 0.4286 0.0349 0.0645

nwilsznay 224 paansn lnannisld Random Forest iU Tuning Hyperparameters ua
Balanced Bagging Classifier Ineiutisdayaludnsadan 75:25 14 Feature Selection #9835

Threshold

RF Tuning Bal_Bagging with Original RF Tuning Bal_Bagging with Under RF Tuning Bal_Bagging with Over

true label
true label
true label

predicted label predicted label predicted label

RF Tuning Bal_Bagging with Over with Hal RF Tuning Bal_Bagging with SMOTE

true label
true label

0 1 0 1
predicted label predicted label
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4.12.1.2 HRANENEAAINNISLT Feature Selection TagiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.8050 0.8038 0.8571 0.0882 0.1600
Under 0.5573 0.5475 1.0000 0.0467 0.0892
Over 0.8607 0.8576 1.0000 0.1346 0.2373
Over with Half 0.5731 0.8703 1.0000 0.1458 0.2545
SMOTE 0.8111 0.8101 0.8571 0.0209 0.1644

nnsenay 226 uaansi la1nnnsld Random Forest fiu Tuning Hyperparameters wag
Balanced Bagging Classifier Tneiutisdayaludnsdan 75:25 14 Feature Selection #9833

Mutual Information Classification

RF Tuning Bal_Bagging with Original RF Tuning Bal_Bagging with Under RF Tuning Bal_Bagging with Over

true label
true label
true label

0 1 0 1 0 1
predicted label predicted label predicted label

RF Tuning Bal_Bagging with Over with Hal RF Tuning Bal_Bagging with SMOTE

true label
true label

[o} 1 [o} 1
predicted label predicted label
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4.12.1.3 HAANENLAAINNISLT Feature Selection TmeiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.8142
Under 0.5266
Over 0.3870

Over with Half 0.3808

SMOTE 0.4211

0.8259
0.5386
0.3734
0.3671

0.4114

0.2857
0.2857
1.0000
1.0000

0.8571

0.0351
0.0377
0.0341
0.0338

0.0312

0.0625
0.0667
0.0660
0.0654

0.0803

Andsznay 228 uaansnleainnis M Random Forest U Tuning Hyperparameters La

Balanced Bagging Classifier Tneiutisdayaludnsdan 75:25 14 Feature Selection #9833

Decision Tree

RF Tuning Bal_Bagging with Original RF Tuning Bal_Bagging with Under
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4.12.2 NAAWEN bAAINMSULERTIEINTBITaNALINAL 70:30

4.12.2.1 HAANENEAAINNISLT Feature Selection TAgiAs Threshold

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.6667 0.6649 0.7500 0.0431 0.0831
Under 0.3850 0.3720 1.0000 0.0325 0.0630
Over 0.6202 0.6148 0.8750 0.0458 0.0870
Over with Half 0.6925 0.6860 1.0000 0.0830 0.1185
SMOTE 0.7752 0.7810 0.5000 0.0460 0.0842

A wilszney 230 waans nannisE Random Forest 11 Tuning Hyperparameters uae
Balanced Bagging Classifier Tneiutisdayaludnsdan 70:30 14 Feature Selection #9833

Threshold

RF Tuning Bal_Bagging with Original RF Tuning Bal_Bagging with Under RF Tuning Bal_Bagging with Over

true label
true label
true label

predicted label predicted label predicted label

RF Tuning Bal_Bagging with Over with Hal RF Tuning Bal_Bagging with SMOTE
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true label
true label

[o} 1 [o} 1
predicted label predicted label
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4.12.2.2 HRANENEAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.8165 0.8206 0.6250 0.0685 0.1235
Under 0.5530 0.5435 1.0000 0.0442 0.0847
Over 0.7700 0.7652 1.0000 0.0825 0.1524
Over with Half 0.83165 0.8127 1.0000 0.1013 0.1839
SMOTE 0.7649 0.7625 0.8750 0.0722 0.1333

nnlseneay 232 uaansi lainnnsld Random Forest fiu Tuning Hyperparameters wag
Balanced Bagging Classifier Tneiutisdayaludnsdan 70:30 14 Feature Selection #9833

Mutual Information Classification

RF Tuning Bal_Bagging with Original RF Tuning Bal_Bagging with Under RF Tuning Bal_Bagging with Over

true label
true label
true label

0 1 0 1 0 1
predicted label predicted label predicted label

RF Tuning Bal_Bagging with Over with Hal RF Tuning Bal_Bagging with SMOTE

true label
true label

[o} 1 [o} 1
predicted label predicted label
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4.12.2.3 HAANENLAANNNISLT Feature Selection TmeiAs Decision Tree

Accuracy Specificity Sensitivity Precision

F1 Score

Original 0.8269
Under 0.5243
Over 0.3798

Over with Half 0.3721

SMOTE 0.4160

0.8364
0.8338
0.3668
0.3588

0.4063

0.3750
0.3730
1.0000
1.0000

0.8750

0.0462
0.0455
0.0323
0.0319

0.0302

0.0822
0.081
0.0625
0.0616

0.0583

Andszney 234 uaansnleainnisd Random Forest U Tuning Hyperparameters La

Balanced Bagging Classifier Tneiutisdayaludnsdan 70:30 14 Feature Selection #9835

Decision Tree

RF Tuning Bal_Bagging with Original RF Tuning Bal_Bagging with Under
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4.12. NAANWETLAAINMTULERTIHINTBITANALINAL 67:33
4.12.3.1 nAAWENLAANNS LT Feature Selection e d Threshold

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.8573 0.6547 07778 0.0464 0.0875
Under 0.3685 0.3549 1.0000 0.0324 0.0627
Over 0.6221 0.6163 0.5889 0.0476 0.0804
Over with Half 0.6901 0.6835 1.0000 0.06838 0.1200
SMOTE 0.7817 0.7866 0.5556 0.0532 0.0971

A wilszney 236 waans lwannisE Random Forest 11 Tuning Hyperparameters uae
Balanced Bagging Classifier Tneiutisdayaludnsdanu 67:33 14 Feature Selection #9835

Threshold

RF Tuning Bal_Bagging with Original RF Tuning Bal_Bagging with Under RF Tuning Bal_Bagging with Over

true label
true label
true label

predicted label predicted label predicted label

RF Tuning Bal_Bagging with Over with Hal RF Tuning Bal_Bagging with SMOTE
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[o} 1 [o} 1
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4.12.3.2 HAANENEAAINNISLT Feature Selection TAgiAs Mutual

Information Classification
Accuracy Specificity Sensitivity Precision F1 Score

Original 0.8122 0.8201 0.4444 0.0506 0.0909
Under 0.5563 0.5468 1.0000 0.0455 0.0870
Over 0.8263 0.8225 1.0000 0.1084 0.1957
Over with Half 0.8592 0.8561 1.0000 0.1304 0.2308
SMOTE 0.7864 0.7842 0.8889 0.0816 0.1495

A wilsznay 238 uaansy brainnisd Random Forest 11 Tuning Hyperparameters La
Balanced Bagging Classifier Tneiutisdayaludnsdan 67:33 14 Feature Selection #9835

Mutual Information Classification

RF Tuning Bal_Bagging with Original RF Tuning Bal_Bagging with Under RF Tuning Bal_Bagging with Over
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412.3.3 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘f Feature Selection 1aeid8 Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.3756 0.3621 1.0000 0.0327 0.0634
Under 0.8169 0.8273 0.3335 0.0400 0.0714
Over 0.3779 0.3645 1.0000 0.0328 0.0636
Over with Half 0.3779 0.3645 1.0000 0.03286 0.0636
SMOTE 0.4155 0.4053 0.8889 0.0312 0.0604

nwlsznay 240 waansn lnannisld Random Forest iU Tuning Hyperparameters ua
Balanced Bagging Classifier Tneiutisdayaludnsdan 67:33 14 Feature Selection #9835

Decision Tree

RF Tuning Bal_Bagging with Original RF Tuning Bal_Bagging with Under RF Tuning Bal_Bagging with Over
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4.13 uaaNs7lAANMSIEaanasyin XGBoost fill Default Parameters
4.13.1 NAAWEAINNITULNARSIRIUIRITAYALYINAL 75:25

4.13.1.1 Naﬁwﬁﬁiﬁﬂ’mn’]’ﬂ‘ﬁ’ Feature Selection 1meiA8 Threshold

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.9690 0.9905 0.0000 0.0000 0.0000
Under 0.2648 0.2690 1.0000 0.0294 0.0571
Over 0.9659 0.9810 0.2857 0.2500 0.2667
Over with Half 0.9721 0.9842 0.4286 0.3730 0.4000
SMOTE 0.8885 0.9051 0.1429 0.0323 0.0526

nnseney 242 Waansy lia1nnnsld XGBoost fiu Default Hyperparameters Tagiuiia

¥

‘ﬂﬂyjaiuﬁmﬁmu 75:25 ‘4 Feature Selection #2833 Threshold

XGB with Original XGB with Under XGB with Over
3] 0 85 6
o o o
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o o o
w w w
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4.13.1.2 HAANENEAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9721 0.9937 0.0000 0.0000 0.0000
Under 0.3127 0.2975 1.0000 0.0306 0.0593
Over 0.9783 0.9905 0.4286 0.5000 0.4615
Over with Half 0.9845 0.9805 0.7143 0.6250 06667
SMOTE 0.9226 0.9367 0.2857 0.0209 0.1379

A nsEney 244 uaansi liainnnsld XGBoost fiu Default Hyperparameters Tagiuiia

¥

mmgael,uﬂ"mm'qu 75:25 14 Feature Selection #8138 Mutual Information Classification

XGB with Original XGB with Under XGB with Over
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4.13.1.3 HAANENLAAINNISLT Feature Selection TmeiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.9783 1.0000
Under 0.5266 0.5366
Over 0.3870 0.3734
Over with Half 0.9474 0.9620
SMOTE 0.4211 0.4114

0.0000
0.2857
1.0000
0.2857

0.8571

nan
0.0377
0.0341
0.1429

0.0312

0.0000
0.0667
0.0660
0.1805

0.0803

nnseney 246 Waansi lia1nnasld XGBoost fiu Default Hyperparameters Tagiuiia

v
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true label

true label

m@g@lu@”mmmu 75:25 1 Feature Selection #2833 Decision Tree
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4.13.2 NAANWEN bAAINMSULERTIEINTBITaNALINAL 70:30

4.13.2.1 HAANENEAAINNISLT Feature Selection TAgiAs Threshold

Accuracy Specificity Sensitivity Precision F1 Score
Qriginal 0.9716 0.9921 0.0000 0.0000 0.0000
Under 0.3204 0.3061 1.0000 0.0295 0.0573
Over 0.9535 0.9657 0.3750 0.1875 0.2500
Over with Half 0.9716 0.9815 0.5000 0.3636 04211
SMOTE 0.5992 0.9129 0.2500 0.0571 0.0930
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A nlsEney 248 uaansi liainnnsld XGBoost fiu Default Hyperparameters Tagiuiia

¥
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4.13.2.2 HAANENEAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9716 0.9921 0.0000 0.0000 0.0000
Under 0.3307 0.3166 1.0000 0.0300 0.0582
Over 0.9793 0.9868 0.6250 0.5000 0.5556
Over with Half 0.9793 0.9868 0.6250 0.5000 0.5556
SMOTE 0.9199 0.9288 0.5000 0.1290 0.2051

A nsEney 250 Haansi lia1nnnsld XGBoost fiu Default Hyperparameters Tagiuiia

¥

mmgael,uﬂ"mm'qu 70:30 1 Feature Selection #8138 Mutual Information Classification

XGB with Original XGB with Under XGB with Over
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4.13.2.3 HAANENLAANNNISLT Feature Selection TmeiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.9793 1.0000
Under 0.8320 D.8417
Over 0.3798 0.3668
Over with Half 0.9457 0.9604
SMOTE 0.4160 0.4063

0.0000
0.3730
1.0000
0.2500

0.8750

nan
0.0476
0.0323
0.1176

0.0302

0.0000
0.0845
0.0625
0.1600

0.0583

nnseney 252 waansi lia1nnasld XGBoost fiu Default Hyperparameters Tagiuiia

v
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m@gmiu@”mmmu 70:30 1 Feature Selection #2833 Decision Tree
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4.13.3 NAAWEN bAAINMSTULERTIEINTBITRNALINAL 67:33

4.13.3.1 HAANENEAAINNISLT Feature Selection TAgids Threshold

Accuracy Specificity Sensitivity Precision F1 Score
Qriginal 0.9601 0.9808 0.0000 0.0000 0.0000
Under 0.3357 0.3213 1.0000 0.0308 0.0598
Over 0.9577 0.9685 0.4444 0.2353 0.3077
Over with Half 0.9718 0.9832 0.4444 0.3636 0.4000
SMOTE 0.9014 0.9137 0.3333 0.0769 0.1250
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A nsEney 254 naansi liainnnsld XGBoost fiu Default Hyperparameters Tagiuiia

¥
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XGB with Over

predicted label

1]

XGB with Over with Half

true label

predicted label

true label

1

1]

XGB with SMOTE

1
predicted label

0
predicted label

1

0
predicted label

1

nilsenay 255 uaansnlaan Confusion Matrix itRan1sdpnIsiuilymiAullanng

v
YT ATINN A



165

4.13.3.2 HAANENEAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9601 0.9808 0.0000 0.0000 0.0000
Under 0.3545 0.3405 1.0000 0.0317 0.0614
Over 0.9789 0.9880 0.5556 0.5000 0.5263
Over with Half 0.9812 0.9880 0.6667 0.5455 06000
SMOTE 0.9249 0.9329 0.5556 0.1515 0.2381

A nsEney 256 Naans la1nnnsld XGBoost fiu Default Hyperparameters Tagiuiia

¥

mmgael,uﬂ"mm'qu 67:33 I Feature Selection A28@3 Mutual Information Classification

XGB with Original XGB with Under XGB with Over
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4.13.3.3 HAANENLAANNNISLT Feature Selection TmeiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.9789
Under 0.8333
Over 0.3779

Over with Half 0.9437

SMOTE 0.4155

1.0000
0.5441
0.3645
0.9592

0.4053

0.0000
0.3333
1.0000
0.2222

0.8889

nan
0.0441
0.0328
0.1053

0.0312

0.0000
0.0779
0.0636
0.1429

0.0604

nnseneay 258 waansi lia1nnasld XGBoost fiu Default Hyperparameters Tagiuiia

v
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4.14 NAANSNbAAINNISIEaanas NN XGBoost NU Default Parameters LA

scaled_pos_weight
4.14.1 RAAWEAINNITULNARSIRIUIRITAYALYINAY 75:25

4.14.1.1 HAANENEAAINNISLT Feature Selection TAgids Threshold

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.9567 0.9778 0.0000 0.0000 0.0000
Under 0.1393 0.1203 1.0000 0.0246 0.0479
Over 0.9412 0.9494 0.5714 0.2000 0.2963
Over with Half 0.9536 0.9620 0.5714 0.2500 0.34786
SMOTE 0.8638 0.8734 0.4286 0.0698 0.1200

NNsEnau 260 NAANET lEaNN131d XGBoost 111 Default Parameters WAy

scaled_pos_weight taeiutidayaludnsndan 75:25 14 Feature Selection AneRn

Threshold
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4.14.1.2 HRANENEAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9721 0.9937 0.0000 0.0000 0.0000
Under 0.2663 0.2500 1.0000 0.0287 0.0558
Over 0.9598 0.9715 0.4286 0.2500 0.3158
Over with Half 0.9752 0.9810 0.7143 0.4545 0.5556
SMOTE 0.8762 0.8797 0.7143 0.1163 0.2000

NWsznall 262 uadNENlAaNNN17 1T XGBoost i1l Default Parameters Way
scaled_pos_weight taeiutisdiayaludnsndan 75:25 14 Feature Selection #ae3d Mutual

Information Classification

XGB Scaled PW with Original XGB Scaled PW with Under XGB Scaled PW with Over
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4141.3 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘f Feature Selection 1aeid8 Decision Tree

Accuracy Specificity Sensitivity Precision

F1 Score

Original 0.4087
Under 0.0217
Over 0.3839

Over with Half 0.3839

SMOTE 0.3870

0.3987
0.0000
0.3703
0.3703

0.3734

0.8371
1.0000
1.0000
1.0000

1.0000

0.0306
0.0217
0.0340
0.0340

0.0341

0.0591
0.0424
0.0657
0.0657

0.0660

Asznal 264 uaansnlaainnigld XGBoost i1 Default Parameters WAy

scaled_pos_weight tneiutisdiayaludnsndan 75:25 14 Feature Selection #ae3d Decision
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4.14.2 NAAWEN bAAINMSULERTIEINTBITaNALINAL 70:30

4.14.2.1 HAANENEARAINNISLT Feature Selection TAgiAs Threshold

Accuracy Specificity Sensitivity Precision

F1 Score

Original 0.9612
Under 0.1731
Over 0.9406

Over with Half 0.9432
SMOTE 0.8605

0.9815
0.1557
0.9472
0.9499

0.8681

0.0000
1.0000
0.6250
0.6250

0.5000

0.0000
0.0244
0.2000
0.2083

0.0741

0.0000
0.0476
0.3030
0.3125

0.1290

NNsznall 266 NARNENLARINN17 1T XGBoost fiil Default Parameters Way

scaled_pos_weight tagiutidayaludnsndon 70:30 1 Feature Selection fnein

XGB Scaled PW with Original

true label
true label

Threshold

XGB Scaled PW with Under

true label

XGB S

caled PW with Over

0 1
predicted label

0

predicted label

XGB Scaled PW with Over with Half

true label

true label

1

0

XGB Scaled PW with SMOTE

1
predicted label

[o}
predicted label

1

0

predicted label

1
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4.14.2.2 NRANENEAAINNISLT Feature Selection TagiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9612 0.9815 0.0000 0.0000 0.0000
Under 0.2739 0.2586 1.0000 0.0277 0.0539
Over 0.9483 0.9551 0.6250 0.2273 0.3333
Over with Half 0.9690 0.9736 0.7500 0.3750 0.5000
SMOTE 0.8656 0.8681 0.7500 0.1071 0.1875

NWsznall 268 uadNENAAINN17 1T XGBoost i1l Default Parameters Way
scaled_pos_weight taeiutisdiayaludnsndan 70:30 14 Feature Selection #aedd Mutual

Information Classification

XGB Scaled PW with Original XGB Scaled PW with Under XGB Scaled PW with Over

7 0 98 17
o o o
o o o
© © ©
w w w
2 2 2

1 8 0 1 4] 8 1 g 5

0 1 0 1 0 1

predicted label predicted label predicted label
XGB Scaled PW with Over with Half XGB Scaled PW with SMOTE

true label
true label

[o} 1 [o} 1
predicted label predicted label
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2.3 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘f Feature Selection 1aeid8 Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.4005 0.3905 0.8750 0.0294 0.0569
Under D.0z207 0.0000 1.0000 0.0207 0.0405
Over 0.3773 0.3641 1.0000 0.0321 0.0623
Over with Half 0.3773 0.3641 1.0000 0.0321 0.0623
SMOTE 0.3798 0.3668 1.0000 0.0323 0.0625

Asznal 270 Naansnlaainnigld XGBoost i1 Default Parameters WAy

scaled_pos_weight Tm&uﬁﬁm&@hﬁ"m%mu 70:30 I Feature Selection #2835 Decision

Tree
XGB Scaled PW with Original XGB Scaled PW with Under XGB Scaled PW with Over
o] o] [} o]
o o o
F=1 F=1 F=1
© © ©
w w w
4 4 4
1 ah 7 1 0 8 1 0 8
0 1 0 1 0 1
predicted label predicted label predicted label
XGB Scaled PW with Over with Half XGB Scaled PW with SMOTE

Andszneu 271

true label
true label

0 1 0 1
predicted label predicted label
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4.14.3 NAAWEN bAAINMSULERTIEINTBITRNALINAL 67:33

4.14.3.1 HAANENEAAINNISLT Feature Selection TAgiAs Threshold

Accuracy Specificity Sensitivity Precision

F1 Score

Original 0.9531
Under 0.1878
Over 0.9413

Over with Half 0.9437
SMOTE 0.8592

0.9736
0.1703
0.9472
0.9544

0.8657

0.0000
1.0000
0.6667
0.4444

0.5556

0.0000
0.0254
0.2143
0.1739

0.0820

0.0000
0.0495
0.3243
0.2500

0.1429

NWsznall 272 uadnanlAaNnn13ld XGBoost i1l Default Parameters Way

scaled_pos_weight tagiutidayaludnsndon 67:33 14 Feature Selection AneRn

XGB Scaled PW with Original

true label
true label

Threshold

XGB Scaled PW with Under

true label

XGB S

caled PW with Over

0 1
predicted label

0

predicted label

XGB Scaled PW with Over with Half

true label

true label

1

0

XGB Scaled PW with SMOTE

1
predicted label

[o}
predicted label

1

0

predicted label

1
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4.14.3.2 HAANENEAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.9554 0.9760 0.0000 0.0000 0.0000
Under 0.2887 0.2734 1.0000 0.02886 0.0561
Over 0.9531 0.9616 0.5956 0.2381 03333
Over with Half 0.9718 0.9760 07778 0.4118 0.3385
SMOTE 0.8709 0.8729 0.7778 0.1167 0.2029

nnilsenay 274 waansi liainnnsld XGBoost fiu Default Parameters ua
scaled_pos_weight tneutidayaludnsndon 67:33 14 Feature Selection #AaeRd Mutual

Information Classification

XGB Scaled PW with Original XGB Scaled PW with Under XGB Scaled PW with Over
0 10 0 114 0 16
@ @ @
F=1 F=1 F=1
© © ©
w w w
4 4 4
1 9 0 1 0 9 1 4 S
0 1 0 1 0 1
predicted label predicted label predicted label
XGB Scaled PW with Over with Half XGB Scaled PW with SMOTE

true label
true label

0 1 0 1
predicted label predicted label
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4.14.3.3 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘f Feature Selection 1aeid8 Decision Tree

Accuracy Specificity Sensitivity Precision

F1 Score

Original 0.3991
Under 0.0211
Over 0.3756

Over with Half 0.3756

SMOTE 0.3779

0.3885
0.0000
0.3621
0.3621

0.3645

0.5889
1.0000
1.0000
1.0000

1.0000

0.0304
0.021
0.0327
0.0327

0.0328

0.0588
0.0414
0.0634
0.0634

0.0636

Asznal 276 Naansnlaainnigld XGBoost 11 Default Parameters WAy

scaled_pos_weight Tm&uﬁﬁm&@hﬁ"m%mu 67:33 I Feature Selection A2¢R3 Decision

XGB Scaled PW with Original

true label
true label

Tree

XGB Scaled PW with Under

true label

XGB Scaled PW with Over

predicted label

0

predicted label

XGB Scaled PW with Over with Half

true label

true label

1

0

XGB Scaled PW with SMOTE

1
predicted label

predicted label

o

1

predicted label
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4.15 naANWSTlAAINMS aaNasiN XGBoost Nl Default Parameters was
sample_weight
4.15.1 RAAWEAINNITULNARSIRIUIRITAYALYINAL 75:25

4.15.1.1 HAANENEAAINNISLT Feature Selection TAgiAs Threshold

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.9628 0.9842 0.0000 0.0000 0.0000
Under 0.2848 0.26890 1.0000 0.0294 0.0571
Over 0.9659 0.9810 0.2857 0.2500 0.2667
Over with Half 0.9628 0.9747 D.4286 0.2727 0.3333
SMOTE 0.3885 0.9051 0.1429 0.0323 0.0526

nsenau 278 NAANSN leann131d XGBoost 111 Default Parameters WAy

sample_weight Tagiutisdayaludnadan 75:25 14 Feature Selection #a83a Threshold

XGB sample_weight with Original XGB sample_weight with Under XGB sample_weight with Over

true label

true label
true label

0 1 0 1 0 1
predicted label predicted label predicted label

XGB sample_weight with Over with Half XGB sample_weight with SMOTE

true label
true label

0 1 0 1
predicted label predicted label
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4.15.1.2 HAANENEAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9721 0.9937 0.0000 0.0000 0.0000
Under 0.3127 0.2975 1.0000 0.0306 0.0593
Over 0.9783 0.9905 0.4286 0.5000 0.4615
Over with Half 0.9752 0.9810 0.7143 0.4545 0.5556
SMOTE 0.9226 0.9367 0.2857 0.0209 0.1379

NWsznall 280 waRNENAAINN17 1T XGBoost fiil Default Parameters Way
sample_weight Ingutiadasyaludnsdau 75:25 14 Feature Selection A5 Mutual

Information Classification

XGB sample_weight with Original XGB sample_weight with Under XGB sample_weight with Over

2 0 94 3
o o o
o o o
© © ©
o o o
2 2 2
5 5 5

1 7 0 1 0 7 1 4 3

0 1 0 1 0 1

predicted label predicted label predicted label

XGB sample_weight with Over with Half XGB sample_weight with SMOTE

true label
true label

[o} 1 [o} 1
predicted label predicted label
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4151.3 Naﬁ’wﬁﬁ'lﬁﬁ’mm'ﬂ% Feature Selection 1aeid8 Decision Tree

Accuracy Specificity Sensitivity Precision

F1 Score

Original 0.4087
Under 0.5266
Over 0.3870

Over with Half 0.3870

SMOTE 0.4211

0.3987
0.5386
0.3734
0.3724

0.4114

0.8371
0.2857
1.0000
1.0000

0.8571

0.0306
0.0377
0.0341
0.0341

0.0312

0.0591
0.0667
0.0660
0.0660

0.0803

Asznal 282 uaansnlaainnigld XGBoost 11 Default Parameters WAy

sample_weight Insuiiadayaludnsaan 75:25 14 Feature Selection #2235 Decision

Tree

XGB sample_weight with Original XGB sample_weight with Under

true label
true label

true label

XGB sample_weight with Over

predicted label

0

1

predicted label

XGB sample_weight with Over with Half

true label

true label

0

1
predicted label

XGB sample_weight with SMOTE

predicted label

o

1

predicted label
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4.15.2 NAANWEN bAAINMSULERTIEINTBITaNALINAL 70:30

41521 HAANBNLAAINNSLE Feature Selection 1AEIAE Threshold

Accuracy Specificity Sensitivity Precision F1 Score
Qriginal 0.9612 0.9815 0.0000 0.0000 0.0000
Under 0.3204 0.3061 1.0000 0.0295 0.0573
Over 0.9535 0.9657 0.3750 0.1875 0.2500
Over with Half 0.9638 0.9710 0.6250 0.3125 04167
SMOTE 0.5992 0.9129 0.2500 0.0571 0.0930

NWsznall 284 uadNENIAAINN17 1T XGBoost fi1l Default Parameters Way
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sample_weight Tngiutiadayaludnsdau 70:30 14 Feature Selection #a83a Threshold

XGB sample_weight with Original

7 04
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il il
v v
S S
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1 8 0 1
1] 1

116

XGB sample_weight with Under

true label

XGB sample_weight with Over

predicted label

1]

1

predicted label

XGB sample_weight with Over with Half

true label

true label

1]

1
predicted label

XGB sample_weight with SMOTE

0
predicted label

1

0
predicted label

1
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4.15.2.2 HRANENEAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9612 0.9815 0.0000 0.0000 0.0000
Under 0.3307 0.3166 1.0000 0.0300 0.0582
Over 0.9793 0.9868 0.6250 0.5000 0.5556
Over with Half 0.9819 0.9868 0.7500 0.5455 06316
SMOTE 0.9199 0.9288 0.5000 0.1290 0.2051

NWsznall 286 HaRNENAAINN17 1T XGBoost fiil Default Parameters Way
sample_weight Iaguiadasaludnsdau 70:30 14 Feature Selection A5 Mutual

Information Classification

XGB sample_weight with Original XGB sample_weight with Under XGB sample_weight with Over

7 0 120 5
o o o
o o o
© © ©
o o o
2 2 2

1 8 0 1 4] 8 1 g 5

0 1 0 1 0 1

predicted label predicted label predicted label
XGB sample_weight with Over with Half XGB sample_weight with SMOTE

true label
true label

[o} 1 [o} 1
predicted label predicted label
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(>4 d’ﬂl v L4 as
4.15.2.3 HAANENLAANNNISLE Feature Selection 1ALIAS Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.3979
Under 0.8320
Over 0.3798

Over with Half 0.3798

SMOTE 0.4160

0.3879
0.8417
0.3668
0.3668

0.4063

0.8750
0.3730
1.0000
1.0000

0.8750

0.0293
0.0476
0.0323
0.0323

0.0302

0.0567
0.0845
0.0625
0.0625

0.0583

Asznal 288 naansnlaainnigld XGBoost 11 Default Parameters WAy

sample_weight Insiuiiadayaludnsaan 70:30 14 Feature Selection #2235 Decision

Tree

XGB sample_weight with Original XGB sample_weight with Under

true label
true label

true label

XGB sample_weight with Over

predicted label

0

1

predicted label

XGB sample_weight with Over with Half

true label

true label

0

1
predicted label

XGB sample_weight with SMOTE

predicted label

o

1

predicted label
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4.15.3 NAAWEN bAAINMTULERTIEINTBITRNALINAL 67:33

4.15.3.1 HAANENEAAINNISLT Feature Selection TAgiAs Threshold

Accuracy Specificity Sensitivity Precision

F1 Score

Original 0.9413
Under 0.3357
Over 0.9577

Over with Half 0.9624

SMOTE 0.2014

0.9616
0.3213
0.9688
0.9736

0.9137

0.0000
1.0000
0.4444
0.4444

0.3333

0.0000
0.0308
0.2353
0.2667

0.0769

0.0000
0.0598
0.3077
0.3333

0.1250

NWsznall 290 uadNENIAANNN17 1T XGBoost i1l Default Parameters Way

sample_weight Ingintiadayaludnsdau 67:33 14 Feature Selection #a8i3a Threshold

XGB sample_weight with Original

true label

true label

1]

134

XGB sample_weight with Under

true label

XGB sample_weight with Over

1

predicted label

NNLgznaL 291

1]

1

predicted label

XGB sample_weight with Over with Half

true label

true label

1]

1
predicted label

XGB sample_weight with SMOTE

0
predicted label

1

o

predicted label
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4.15.3.2 HAANENEAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9531 0.9736 0.0000 0.0000 0.0000
Under 0.3545 0.3405 1.0000 0.0317 0.0614
Over 0.9789 0.9880 0.5556 0.5000 0.5263
Over with Half 0.9836 0.9880 07778 0.5833 06667
SMOTE 0.9249 0.9329 0.5556 0.1515 0.2381

Nwsznall 292 uadnsNlAaInnN171d XGBoost i1l Default Parameters Way
sample_weight Ingutadasyaludnsdau 67:33 14 Feature Selection A5 Mutual

Information Classification

XGB sample_weight with Original XGB sample_weight with Under XGB sample_weight with Over

11 0 5
o o o
o o o
© © ©
o o o
2 2 2

1 9 0 1 0 9 1 4 5

0 1 0 1 0 1

predicted label predicted label predicted label
XGB sample_weight with Over with Half XGB sample_weight with SMOTE

true label
true label

[o} 1 [o} 1
predicted label predicted label
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4.15.3.3 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘f Feature Selection 1aeid8 Decision Tree

Accuracy Specificity Sensitivity Precision

F1 Score

Original 0.3944
Under 0.8333
Over 0.3779

Over with Half 0.3779

SMOTE 0.4155

0.3837
0.8441
0.3645
0.3645

0.4053

0.5889
0.3333
1.0000
1.0000

0.5889

0.0302
0.0441
0.0328
0.0328

0.0312

0.0584
0.0779
0.0636
0.0636

0.0604

nwilsznal 294 uaansn laannnisld XGBoost fil Default Parameters Way

sample_weight Ingutiadayaludnsaau 67:33 14 Feature Selection #2235 Decision

Tree

XGB sample_weight with Original XGB sample_weight with Under

true label
true label

XGB sample_weight with Over

true label

predicted label

0

1

predicted label

XGB sample_weight with Over with Half

true label

true label

0

1
predicted label

XGB sample_weight with SMOTE

predicted label

0

1

predicted label
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416 HAANENLAAINAS LEAAND37IN XGBoost NU Default Parameters Wag Balanced
Bagging Classifier
4.16.1 KAAWEAINNITULNARSIRIUIRITAYALYINAL 75:25

4.16.1.1 HAANENEAAINNISLT Feature Selection TAgiAs Threshold

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.6409 0.6361 0.8371 0.0496 0.0938
Under 0.3282 0.3133 1.0000 0.0312 0.0806
Over 0.9205 0.9652 0.2857 0.1538 0.2000
Over with Half 0.9567 0.9620 0.7143 0.2941 0.41&67
SMOTE 0.5854 0.9019 0.1429 0.0312 0.0513

ANLsznal 296 NAANSNLAanN171d XGBoost 111 Default Parameters way Balanced

Bagging Classifier Inaiutisdayaludnsdan 75:25 14 Feature Selection #9233 Threshold

XGB Bal_Bagging with Original XGB Bal_Bagging with Under XGB Bal_Bagging with Over

true label
true label
true label

0 1 0 1 0 1
predicted label predicted label predicted label

XGB Bal_Bagging with Over with Half XGB Bal_Bagging with SMOTE

true label
true label

0 1 0 1
predicted label predicted label
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4.16.1.2 HAANENLAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.6718 0.6677 0.8571 0.0541 01017
Under 0.3591 0.3449 1.0000 0.0327 0.0633
Over 0.9783 0.9873 0.5714 0.5000 0.5333
Over with Half 0.9659 0.9684 0.8571 0.3750 0.5217
SMOTE 0.9164 0.9304 0.2857 0.0833 0.1290

nlsznall 298 uadnsNlAaNnnN131d XGBoost fiil Default Parameters Way Balanced
Bagging Classifier Inainiivdayaludniaan 75:25 14 Feature Selection #2235 Mutual

Information Classification

XGB Bal_Bagging with Original XGB Bal_Bagging with Under XGB Bal_Bagging with Over

105 0 4
o o o
o o o
© © ©
o o o
2 2 2

1 1 6 1 4] 7 1 g 4

0 1 0 1 0 1

predicted label predicted label predicted label
XGB Bal_Bagging with Over with Half XGB Bal_Bagging with SMOTE

true label
true label

[o} 1 [o} 1
predicted label predicted label
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4.16.1.3 NAANENLAANNNISLT Feature Selection TmeiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.8266 0.8386 0.2857 0.0377 0.0667
Under 0.5266 0.5366 0.2857 0.0377 0.0667
Over 0.3870 0.3734 1.0000 0.0341 0.0660
Over with Half 0.3839 0.3703 1.0000 0.0340 0.0857
SMOTE 0.4211 0.4114 0.8571 0.0312 0.0803

Ansznay 300 NaaNsNlaannN131d XGBoost 71 Default Parameters way Balanced

Bagging Classifier Tnaiutisdayaludnaadqu 75:25 14 Feature Selection #2235 Decision

Tree
XGB Bal_Bagging with Original XGB Bal_Bagging with Under XGB Bal_Bagging with Over
o] 51 o] 51 o]
z z z
© © ©
w w w
4 4 4
1 5 2 1 5 2 1 0 7
0 1 0 1 0 1
predicted label predicted label predicted label
XGB Bal_Bagging with Over with Half XGB Bal_Bagging with SMOTE

NNLgznaL 301

true label
true label

0 1 0 1
predicted label predicted label

HAANSTIAAN Confusion Matrix iLRaN1sdAnIsAuTymAnlianna

v
Y TaLATINN A



188

4.16.2 NAAWEN bAAINMSULERTIEINTBITANALVINAL 70:30
4.16.2.1 nAAWENLAANNSLT Feature Selection Tmed Threshold

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.6486 0.6464 0.7500 0.0429 0.0811
Under 0.3307 0.3166 1.0000 0.0300 0.0582
Over 0.9535 0.9657 0.3750 0.1875 0.2500
Over with Half 0.9535 0.9578 0.7500 0.2727 0.4000
SMOTE 0.8915 0.2030 0.2500 0.0526 0.0870

A lsznall 302 uadninlaannni3ld XGBoost fiil Default Parameters Way Balanced

Bagging Classifier Tnaintisdayaludnsdqu 70:30 14 Feature Selection #2235 Threshold

XGB Bal_Bagging with Original XGB Bal_Bagging with Under XGB Bal_Bagging with Over

true label
true label
true label

0 1 0 1 0 1
predicted label predicted label predicted label

XGB Bal_Bagging with Over with Half XGB Bal_Bagging with SMOTE

true label
true label

0 1 0 1
predicted label predicted label
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4.16.2.2 HAANENEAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.6848 0.6834 0.7500 0.0476 0.0896
Under 0.3721 0.3588 1.0000 0.0319 0.0618
Over 0.9742 0.9815 0.6250 0.4167 0.5000
Over with Half 0.9664 0.9683 0.8750 0.3684 0.5185
SMOTE 0.9121 0.9208 0.5000 0.1176 0.1205

nlsznall 304 wadnsnlaannni3ld XGBoost fiil Default Parameters Way Balanced
Bagging Classifier Inainiivdeyaludnaaat 70:30 14 Feature Selection #2235 Mutual

Information Classification

XGB Bal_Bagging with Original XGB Bal_Bagging with Under XGB Bal_Bagging with Over

120

true label
true label
true label

1 2 6 1 4] 8 1 g 5
0 1 0 1 0 1
predicted label predicted label predicted label
XGB Bal_Bagging with Over with Half XGB Bal_Bagging with SMOTE

true label
true label

[o} 1 [o} 1
predicted label predicted label
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4.16.2.3 NAANENLAANNNISLT Feature Selection TmeiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.8295
Under 0.8320
Over 0.3798

Over with Half 0.3773

SMOTE 0.4160

0.8391
0.8417
0.3668
0.3641

0.4063

0.3750
0.3730
1.0000
1.0000

0.8750

0.0469 0.0833
0.0476 0.0845
0.0323 0.0625
0.0321 0.0623

0.0302 0.0583

Ansznay 306 NaaNsNlaann13ld XGBoost 11 Default Parameters way Balanced

Bagging Classifier Tnaiutisdayaludnaadqu 70:30 14 Feature Selection #2235 Decision
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4.16.3 NAAWEN bAAINMTULERTIHINTBITRNALVINAL 67:33
4.16.3.1 NAAWENLAANNTLT Feature Selection Tmedd Threshold

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.8385 0.6379 0.6667 0.0382 0.0723
Under 0.3498 0.3357 1.0000 0.0315 0.0810
Over 0.9531 0.9640 0.4444 0.2105 0.2857
Over with Half 0.9531 0.9592 0.6667 0.2609 0.3750
SMOTE 0.8897 0.2017 0.3333 0.0682 0.1132

A lsznall 308 uadnENlAaNnNN131d XGBoost fiil Default Parameters Way Balanced

Bagging Classifier Inaiutisdayaludnsdqn 67:33 14 Feature Selection #2233 Threshold

XGB Bal_Bagging with Original XGB Bal_Bagging with Under XGB Bal_Bagging with Over
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1 3 6 1 0 9 1 5 4
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XGB Bal_Bagging with Over with Half XGB Bal_Bagging with SMOTE
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0 1 0 1
predicted label predicted label
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4.16.3.2 HAANENLAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision

F1 Score

Qriginal 0.6596
Under 0.3850
Over 0.9718
Cver with Half 0.9671

SMOTE 0.9108

0.6571
0.3717
0.9808
0.9688

0.9209

07778
1.0000
0.5556
0.5889

0.4444

0.0467
0.0332
0.3846
0.3810

0.1081

0.0881
0.0643
0.4545
0.5333

0.1739

nlsznall 310 uadnsnlaannni3ld XGBoost fiil Default Parameters Way Balanced

Bagging Classifier Inainiivdoyaludniaan 67:33 14 Feature Selection #2235 Mutual

Information Classification

XGB Bal_Bagging with Original

true label

true label

XGB Bal_Bagging with Under

XGB Bal_Bagging with Over
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predicted label
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4.16.3.3 NAANENLAANNNISLT Feature Selection TmeiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.8310
Under 0.8333
Over 0.3779

Over with Half 0.3756

SMOTE 0.4155

0.8417
0.5441
0.3645
0.3621

0.4053

0.3333
0.3333
1.0000
1.0000

0.8889

0.0435 0.0769
0.0441 0.0779
0.0328 0.0636
0.0327 0.0634

0.0312 0.0604

Awdsznau 312 NaansNlaannisld XGBoost 11 Default Parameters way Balanced

Bagging Classifier Tnaiutisdayaludnaadqu 67:33 14 Feature Selection #2235 Decision

XGB Bal_Bagging with Original

Tree

XGB Bal_Bagging with Under

XGB Bal_Bagging with Over
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417 NARNENLAAINNNTLEDANa3NN XGBoost NU Tuning Hyperparameters
4.17.1 NAAWEAINNITULNARSIRIUIRITAYALYINAL 75:25

417.1.1 Naﬁwﬁﬁiﬁﬂ’mn’]’ﬂ‘ﬁ’ Feature Selection 1meiA8 Threshold

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.9752 0.9968 0.0000 0.0000 0.0000
Under 0.2648 0.2690 1.0000 0.0294 0.0571
Over 0.7121 0.7089 0.8571 0.0612 0.1143
Over with Half 0.8297 0.8323 0.7143 0.0862 0.1538
SMOTE 0.8173 0.5291 0.2857 0.0357 0.06835

nwdsznau 314 waansniaainnsld XGBoost fiu Tuning Hyperparameters Iagiitia

¥

‘ﬂﬂyjaiuﬁmﬁmu 75:25 ‘4 Feature Selection #2833 Threshold
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4.17.1.2 HAANENEAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9752 0.9968 0.0000 0.0000 0.0000
Under 0.3437 0.3291 1.0000 0.0320 0.0819
Over 0.8359 0.8354 0.8571 0.1034 0.1846
Over with Half 0.9009 0.9051 0.7143 0.1429 0.2381
SMOTE 0.8235 0.8259 0.7143 0.0833 0.1493

nnsenay 316 NaRNE la1nn1sld XGBoost fiu Tuning Hyperparameters Tagiuiia

¥

mmgael,uﬂ"mm'qu 75:25 14 Feature Selection #8138 Mutual Information Classification

XGB Tuning with Original XGB Tuning with Under XGB Tuning with Over
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4.17.1.3 HAANENLAANNNISLT Feature Selection TmeiAs Decision Tree

Accuracy Specificity Sensitivity Precision

F1 Score

Original 0.9783
Under 0.5266
Over 0.3622

Over with Half 0.9536

SMOTE 0.4211

1.0000
0.5386
0.3481
0.9715

0.4114

0.0000
0.2857
1.0000
0.1429

0.8571

nan
0.0377
0.0329
0.1000

0.0312

0.0000
0.0667
0.0636
0.1176

0.0803

nnisenay 318 waansy la1nnasld XGBoost fiu Tuning Hyperparameters Tagiuiia
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4.17.2 NAANWEN bAAINMSULERsIEINTBITaYALINAL 70:30

4.17.2.1 HAANENEAAINNISLT Feature Selection TAgiAs Threshold

Accuracy Specificity Sensitivity Precision

F1 Score

Original 0.9767
Under 0.3204
Over 0.7106

Over with Half 0.5088

SMOTE 0.8165

0.9974
0.3061
0.7071
0.3100

0.8259

0.0000
1.0000
0.8750
0.7500

0.3750

0.0000
0.0295
0.0593
0.0789

0.0435

0.0000
0.0573
01111
0.1395

0.0779

A nsenay 320 HaansH la1nnnsld XGBoost fiu Tuning Hyperparameters Tagiuiia
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4.17.2.2 HRANENEAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9716 0.9921 0.0000 0.0000 0.0000
Under 0.3618 0.3483 1.0000 0.0314 0.0808
Over 0.9509 0.9499 1.0000 0.2963 0.4571
Over with Half 0.9664 0.9683 0.8750 0.3684 0.5185
SMOTE 0.58689 0.8971 0.5000 0.0930 0.1569

A wilszney 322 waansilwainnnsld XGBoost fiu Tuning Hyperparameters Tagiuiia
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mmga‘luﬂ"mﬁmu 70:30 1 Feature Selection #8138 Mutual Information Classification
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4.17.2.3 HRANENLAANNNISLT Feature Selection TaeiAs Decision Tree

Accuracy Specificity Sensitivity Precision

F1 Score

Original 0.9793
Under 0.8320
Over 0.3747

Over with Half 0.9612

SMOTE 0.4109

1.0000
0.8417
0.3615
0.9789

0.4011

0.0000
0.3730
1.0000
0.1230

0.8750

nan
0.0476
0.0320
0111

0.0299

0.0000
0.0845
0.0620
0.1176

0.0579

nnisenay 324 waansi la1nnasld XGBoost fiu Tuning Hyperparameters Tagiutia
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4.17.3 NAAWEN bAAINMTULERTIEINTBITANALINAL 67:33

4.17.3.1 HAANENEAAINNISLT Feature Selection TAgiAs Threshold

Accuracy Specificity Sensitivity Precision F1 Score
Qriginal 0.9742 0.9952 0.0000 0.0000 0.0000
Under 0.3310 0.3189 0.8889 0.0274 0.0532
Over 0.7324 0.7314 0.7778 0.0585 0.1094
Over with Half 0.8239 0.8273 0.6667 0.0769 0.1379
SMOTE 0.8216 0.8297 0.4444 0.0533 0.0952
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nnsenay 326 NaansT la1nnnsld XGBoost fiu Tuning Hyperparameters Tagiuiia
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4.17.3.2 HAANENEAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.9789 1.0000 0.0000 nan 0.0000
Under 0.2183 0.2014 1.0000 0.0263 0.0513
Over 0.5657 0.5564 1.0000 0.0464 0.0887
Over with Half 0.3568 0.3585 07778 0.1061 0.18&67
SMOTE 0.6901 0.6859 0.5889 0.0576 0.1081

A nsenay 328 Naansi la1nnnsld XGBoost fiu Tuning Hyperparameters Tagiuiia
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4.17.3.3 HAANENLAANNNISLT Feature Selection TmeiAs Decision Tree

Accuracy Specificity Sensitivity Precision

F1 Score

Original 0.9789
Under 0.8333
Over 0.3779

Over with Half 0.9437

SMOTE 0.4155

1.0000
0.5441
0.3645
0.9592

0.4053

0.0000
0.3333
1.0000
0.2222

0.8889

nan
0.0441
0.0328
0.1053

0.0312

0.0000
0.0779
0.0636
0.1429

0.0604

nnilsenay 330 Waans la1nnnsld XGBoost fiu Tuning Hyperparameters Tagiuiia
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m@g@lu@”mmmu 67:33 1 Feature Selection A2833 Decision Tree

XGB Tuning with Over

0 1
predicted label

predicted label

XGB Tuning with Over with Half

true label

true label

0

XGB Tuning with SMOTE

1
predicted label

0
predicted label

1

0

1

predicted label

nwilsznau 331 uaansliann Confusion Matrix udsnisdpnisfiuilioymanulianna

S NUTREAV ST



4.18 NARNENLAAINNNSLEDAN23NN XGBoost MU Tuning Hyperparameters Wag
scaled_pos_weight
4.18.1 RAAWEAINNITULNARSIRIUIRITAYALYINAL 75:25

4.18.1.1 HAANWENEAAINNISLT Feature Selection TAgiAs Threshold

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.8452 0.8608 0.1429 0.0222 0.0385
Under 0.0774 0.0570 1.0000 0.0230 0.0449
Over 0.4180 0.4082 0.8271 0.0311 0.0500
Over with Half 0.4561 0.4778 0.8571 0.03351 0.0674
SMOTE 0.5356 0.5253 1.0000 0.0446 0.0854

nnilsenay 332 waansi liaannsld XGBoost fiu Tuning Hyperparameters Laz

scaled_pos_weight taeiutidayaludnsndan 75:25 14 Feature Selection AneRn

Threshold
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4.18.1.2 HAANWENEAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision

F1 Score

Original 0.8793
Under 0.1889
Over 0.6656

Over with Half 0.5913
SMOTE 0.6718

0.8956
0.1709
0.6582
0.5823

0.6646

0.1429
1.0000
1.0000
1.0000

1.0000

0.0294
0.0260
0.0609
0.0504

0.0619

0.0458
0.0507
0.1148
0.0959

0.1167

A wilszney 334 waawsn liannnis i XGBoost iU Tuning Hyperparameters Wa

scaled_pos_weight taeiutisdiayaludnsndan 75:25 14 Feature Selection #ae3d Mutual

Information Classification
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4.18.1.3 HAANENLAANNNISLT Feature Selection TmeiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.3932 0.3829 0.8371 0.0299 0.0577
Under 0.0217 0.0000 1.0000 0.0217 0.0424
Over 0.2198 0.2025 1.0000 0.0270 0.0526
Over with Half 0.2198 0.2025 1.0000 0.0270 0.0526
SMOTE 0.3622 0.3481 1.0000 0.0329 0.0636

Andsenay 336 uaansnlsainnis il XGBoost fiu Tuning Hyperparameters waz

scaled_pos_weight tneiutisdiayaludnsndan 75:25 14 Feature Selection #ae3d Decision

Tree
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4.18.2 NAAWEN bAAINMSULERTIEINTBITANALINAL 70:30

4.18.2.1 HAANWENEAAINNISLT Feature Selection TAgiAs Threshold

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.8424
Under 0.0956
Over 0.4264

Over with Half 0.4981
SMOTE 0.5478

0.8575
0.0765
0.4169
0.4881

0.5383

0.1250
1.0000
0.8750
0.8750

1.0000

0.0182
0.0223
0.0307
0.0348

0.0437

0.0317
0.0437
0.0593
0.0670

0.0838

nnlseneay 338 naans lia1nnnsld XGBoost fiu Tuning Hyperparameters Waz

scaled_pos_weight tagiutidayaludnsndon 70:30 14 Feature Selection Aog3s

XGB Tuning Scaled PW with Over

true label

Threshold
XGB Tuning Scaled PW with Original XGB Tuning Scaled PW with Under
54 0 29
g g
® ®
o o
=4 =4
1 7 1 1 4] 8
0 1 0 1

predicted label

predicted label

XGB Tuning Scaled PW with Over with Hal

true label

true label

0

1
predicted label

XGB Tuning Scaled PW with SMOTE

predicted label

0

1

predicted label

206

nnilsenay 339 uaansNlaaIn Confusion Matrix itRaN19dANNsAUTyMANllanag

S NUTREAV ST



207

4.18.2.2 HAANWENEAAINNISLT Feature Selection TAgiAs Mutual

Information Clas

sification

Accuracy Specificity Sensitivity Precision

F1 Score

Qriginal 0.9483
Under 0.3049
Over 0.8915
Cver with Half 0.6992

SMOTE 0.8191

0.9683
0.2902
0.8892
0.5971

0.8179

0.0000
1.0000
1.0000
1.0000

0.8750

0.0000
0.0289
0.1600
0.1702

0.0921

0.0000
0.0561
0.2759
0.2909

0.1667

A nsenay 340 uaans lia1nnnsld XGBoost fiu Tuning Hyperparameters Laz

scaled_pos_weight taeiutisdiayaludnsndan 70:30 14 Feature Selection #aedd Mutual
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4.18.2.3 Naﬁ’wﬁﬁ'lﬁ@’mm'ﬂ% Feature Selection 1aeid8 Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.3928 0.3826 0.8750 0.0290 0.0562
Under D.0z207 0.0000 1.0000 0.0207 0.0405
Over 0.3240 0.3404 1.0000 0.0310 0.0602
Over with Half 0.3514 0.3377 1.0000 0.0309 0.0599
SMOTE 0.3643 0.3509 1.0000 0.0315 0.0611

nnilsznay 342 waansn lnannisld XGBoost iU Tuning Hyperparameters Wag

scaled_pos_weight Tmmm\‘iﬁﬂgﬂluﬁ"mfld’m 70:30 I Feature Selection #2835 Decision

Tree

XGB Tuning Scaled PW with Original XGB Tuning Scaled PW with Under XGB Tuning Scaled PW with Over
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4.18.3 NAAWEN bAAINMSTULERTIHINTBITANALINAL 67:33

4.18.3.1 HAANWENEAAINNISLT Feature Selection TAgiAs Threshold

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.8404
Under 0.0915
Over 0.4460

Over with Half 0.5164
SMOTE 0.5704

0.8513
0.0719
0.4365
0.5084

0.5612

0.3333
1.0000
0.5889
0.5889

1.0000

0.0462
0.0227
0.0329
0.0376

0.0469

0.0811
0.0444
0.0635
0.0721

0.0896

nnseneay 344 uaansi liainnnsld XGBoost fiu Tuning Hyperparameters Laz

scaled_pos_weight tagiutidayaludnsndon 67:33 14 Feature Selection AneRn
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4.18.3.2 HARANENLAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.6808 0.6787 07778 0.04596 0.0933
Under 0.0211 0.0000 1.0000 0.0211 0.0414
Over 0.1150 0.0959 1.0000 0.0233 0.0456
Over with Half 0.1995 0.1823 1.0000 0.0257 0.0501
SMOTE 0.1573 0.1391 1.0000 0.0245 0.0477

nnsenay 346 Naans lia1nnnsld XGBoost fiu Tuning Hyperparameters Laz
scaled_pos_weight taeiutisdiayaludnsndan 67:33 14 Feature Selection #aeRd Mutual

Information Classification
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4.18.3.3 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘f Feature Selection 1aeid8 Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.3944 0.3837 0.5889 0.0302 0.0584
Under 0.0211 0.0000 1.0000 0.0211 0.0414
Over 0.3732 0.3597 1.0000 0.0326 0.0632
Over with Half 0.3779 0.3645 1.0000 0.03286 0.0636
SMOTE 0.3779 0.3645 1.0000 0.0328 0.0636

nwilsznay 348 waansn lnannisld XGBoost iU Tuning Hyperparameters Wag
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4.19 NARNENLAAINNNSLEDANa3 7NN XGBoost MU Tuning Hyperparameters Wag

sample_weight
4.19.1 NAAWEAINNITULNARSIRIUIRITAYALYINAL 75:25

4.19.1.1 HAANENEAAINNISLT Feature Selection TAgiAs Threshold

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.8359 0.8913 0.1429 0.0208 0.0364
Under 0.2848 0.26890 1.0000 0.0294 0.0571
Over 0.7121 0.7089 0.8271 0.0612 0.1143
Over with Half 0.7399 0.7405 0.7143 0.0575 0.1064
SMOTE 0.8173 0.5291 0.2857 0.0357 0.0635

nnilsenay 350 Waansh laannsld XGBoost fiu Tuning Hyperparameters Laz

sample_weight Tagiutisdayaludnadan 75:25 14 Feature Selection #a83a Threshold

XGB Tuning Sample Wt with Original XGB Tuning Sample Wt with Under XGB Tuning Sample Wt with Over
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4.19.1.2 HAANENEAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision F1 Score
Qriginal 0.8978 0.9146 0.1429 0.0357 0.0571
Under 0.3437 0.3291 1.0000 0.0320 0.0619
Over 0.8359 0.8354 0.8571 0.1034 0.1846
Over with Half 0.8483 0.6481 0.8571 01111 0.1967
SMOTE 0.8235 0.8259 0.7143 0.0833 0.1493

nnsenay 352 Naans lia1nnnsld XGBoost fiu Tuning Hyperparameters Laz

sample_weight Inguiiadasaludnsadau 75:25 14 Feature Selection A5 Mutual

Information Classification
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419.1.3 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘f Feature Selection 1aeid8 Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.3932
Under 0.5266
Over 0.3622

Over with Half 0.3622

SMOTE 0.4211

0.3829
0.5386
0.3481
0.3481

0.4114

0.8371
0.2857
1.0000
1.0000

0.8571

0.0299
0.0377
0.0329
0.0329

0.0312

0.0577
0.0667
0.0636
0.0636

0.0803
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sample_weight Insuiiadayaludnsaan 75:25 14 Feature Selection #2235 Decision

Tree
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4.19.2 NAAWEN bAAINMSULERsIEINIBITAYALINAL 70:30

4.19.2.1 HAANWENEAAINNISLT Feature Selection TAgiAs Threshold

Accuracy Specificity Sensitivity Precision F1 Score
Qriginal 0.8372 0.6522 0.1250 0.0175 0.0308
Under 0.3204 0.3061 1.0000 0.0295 0.0573
Over 0.7106 0.7071 0.83750 0.0593 01111
Over with Half 0.7209 0.7203 0.7500 0.0536 0.1000
SMOTE 0.83165 0.8259 0.3750 0.0435 0.0779

nnsenay 356 NaANET La1nn1sld XGBoost fiu Tuning Hyperparameters Laz
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sample_weight Tngiutiadayaludnsdau 70:30 14 Feature Selection #a83a Threshold
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4.19.2.2 HAANENEAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision F1 Score
Qriginal 0.9457 0.9657 0.0000 0.0000 0.0000
Under 0.3618 0.3483 1.0000 0.0314 0.0608
Over 0.9509 0.9499 1.0000 0.2963 0.4571
Over with Half 0.9561 0.9578 0.8750 0.3043 0.4516
SMOTE 0.3889 0.8971 0.5000 0.0930 0.1569

nnseneay 358 Naans la1nnnsld XGBoost fiu Tuning Hyperparameters Waz

sample_weight Iaguiadasyaludnsdau 70:30 14 Feature Selection A5 Mutual

Information Classification
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4.19.2.3 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘f Feature Selection 1aeid8 Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.3824 0.3720 0.8750 0.0286 0.0553
Under 0.8320 D.8417 0.3750 0.0476 0.0845
Over 0.3747 0.3615 1.0000 0.0320 0.0620
Over with Half 0.3721 0.3588 1.0000 0.0319 0.0618
SMOTE 0.4109 0.4011 0.8750 0.0299 0.0579

nwlsznay 360 waansn lnannisld XGBoost iU Tuning Hyperparameters Wag

sample_weight Insiuiiadayaludnsaan 70:30 14 Feature Selection #2235 Decision

Tree
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4.19.3 NAAWEN bAAINMSTULERTIEINTBITRNALINAL 67:33

4.19.3.1 HAANENEAAINNISLT Feature Selection TAgiAs Threshold

Accuracy Specificity Sensitivity Precision F1 Score
Qriginal 0.6146 0.6249 0.3333 0.0395 0.0706
Under 0.3310 0.3189 0.8889 0.0274 0.0532
Over 0.7324 0.7314 0.7778 0.0585 0.1094
Over with Half 0.7418 0.7410 07778 0.0609 0.1129
SMOTE 0.8216 0.8297 0.4444 0.0533 0.0952

nnseneay 362 Naans lia1nnnsld XGBoost fiu Tuning Hyperparameters Laz
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sample_weight Ingintiadayaludnsdau 67:33 14 Feature Selection #a8i3a Threshold
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4.19.3.2 HAANENEAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision

F1 Score

Original 0.7441
Under 0.2183
Over 0.5657

Over with Half 0.5728
SMOTE 0.6901

0.7458
0.2014
0.5564
0.56835

0.6859

0.6667
1.0000
1.0000
1.0000

0.5889

0.0536
0.0263
0.0464
0.0471

0.0576

0.0992
0.0513
0.0887
0.0900

0.1081

nnseneay 364 HaansA lia1nnnsld XGBoost fiu Tuning Hyperparameters Waz

sample_weight Ingutadasyaludnsdau 67:33 14 Feature Selection A5 Mutual

Information Classification
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4.19.3.3 Naﬁ’wﬁﬁ'lﬁﬁ’mmﬂ‘f Feature Selection 1aeid8 Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.3944 0.3837 0.5889 0.0302 0.0584
Under 0.8333 0.5441 0.3335 0.0441 0.0779
Over 0.3779 0.3645 1.0000 0.0328 0.0636
Over with Half 0.3779 0.3645 1.0000 0.03286 0.0636
SMOTE 0.4155 0.4053 0.8889 0.0312 0.0604

nwilsznay 366 waansn lnannisld XGBoost iU Tuning Hyperparameters Wag

sample_weight Insuiivdayaludnsadau 67:33 14 Feature Selection #2235 Decision

Tree
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4.20 NARNENLAAINNNSLEDAN23NN XGBoost NU Tuning Hyperparameters Wag

Balanced Bagging Classifier
4.20.1 NAAWEAINNITULNARSIRIUIRITAYALYINAL 75:25

4.20.1.1 HAANENEARAINNISLT Feature Selection TAgids Threshold

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.6718 0.6709 0.7143 0.0459 0.0862
Under 0.3003 0.2848 1.0000 0.0300 0.0583
Over 0.6935 0.6930 0.7143 0.0490 0.0917
Over with Half 0.7183 0.7152 0.8571 0.06825 0.1165
SMOTE 0.8173 0.5291 0.2857 0.0357 0.0635

nnilsznay 368 Waansy liaannsld XGBoost fiu Tuning Hyperparameters Laz

Balanced Bagging Classifier Ineiutisdayaludnsadan 75:25 14 Feature Selection #9835
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4.20.1.2 HAANENEAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision F1 Score
Qriginal 0.6233 0.6551 0.5714 0.0354 0.0667
Under 03777 0.3639 1.0000 0.0337 0.0651
Over 0.8452 0.8418 1.0000 0.1228 0.2158
Over with Half 0.8514 0.6481 1.0000 01273 02258
SMOTE 0.8297 0.8323 0.7143 0.0862 0.1538

A wilszney 370 waawsn lnannnisd XGBoost iU Tuning Hyperparameters Wa

222

Balanced Bagging Classifier Tneiutisdayaludnsdan 75:25 14 Feature Selection #9835

Mutual Information Classification
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4.20.1.3 HAANENLAANNNISLT Feature Selection TmeiAs Decision Tree

Accuracy Specificity Sensitivity Precision

F1 Score

Original 0.8266
Under 0.5266
Over 0.3622

Over with Half 0.3715

SMOTE 0.4211

0.8386
0.5386
0.3481
0.3576

0.4114

0.2857
0.2857
1.0000
1.0000

0.8571

0.0377
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0.0333

0.0312

0.0667
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0.0636
0.0645

0.0803
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Balanced Bagging Classifier Tneiutisdayaludnsdan 75:25 14 Feature Selection #9833

Decision Tree
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4.20.2 NAAWEN bAAINMSULERTIEINTBITANALINAL 70:30

4.20.2.1 HAANENEARAINNISLT Feature Selection TAgiAs Threshold

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.8589 0.6570 0.7500 0.0441 0.0833
Under 0.3152 0.3008 1.0000 0.0293 0.0569
Over 0.6899 0.6887 0.7500 0.0484 0.0209
Over with Half 0.7003 0.6966 0.8750 0.0574 01077
SMOTE 0.8191 0.8285 0.3750 0.0441 0.0789

nnseneay 374 uaansi liainnnsld XGBoost fiu Tuning Hyperparameters Waz
Balanced Bagging Classifier Tneiutisdayaludnsdan 70:30 14 Feature Selection #9833
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4.20.2.2 HAANENEAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision

F1 Score

Original 0.6951
Under 0.3411
Over 0.9535

Over with Half 0.9328
SMOTE 0.8837
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Balanced Bagging Classifier Tneiutisdayaludnsdan 70:30 14 Feature Selection #9835
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4.20.2.3 HAANENLAANNNISLT Feature Selection TmeiAs Decision Tree

Accuracy Specificity Sensitivity Precision F1 Score

Original 0.8295 0.8391 0.3750 0.0469 0.0833
Under 0.8320 D.8417 0.3750 0.0476 0.0845
Over 0.3747 0.3615 1.0000 0.0320 0.0620
Over with Half 0.3618 0.3483 1.0000 0.0314 0.0808
SMOTE 0.4160 0.4063 0.8750 0.0302 0.0583

nilsznay 378 waansn lnannnisld XGBoost iU Tuning Hyperparameters Wag
Balanced Bagging Classifier Tneiutisdayaludnsdan 70:30 14 Feature Selection #9835
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4.20.3 NAAWEN bAAINMTULERTIEINTBITRNALINAL 67:33

4.20.3.1 HAANENEAAINNISLT Feature Selection TAgiAs Threshold

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.5869 0.5851 0.6667 0.0335 0.06386
Under 0.3357 0.3237 0.8889 0.0276 0.0535
Over 0.7254 0.7242 0.7778 0.0574 0.1069
Over with Half 0.7183 0.7170 07778 0.0560 0.1045
SMOTE 0.8216 0.8297 0.4444 0.0533 0.0952

A nsenay 380 NaaNs La1nnnsld XGBoost fiu Tuning Hyperparameters Laz

Balanced Bagging Classifier Tneiutisdayaludnsdanu 67:33 14 Feature Selection #9835

Threshold
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4.20.3.2 HAANENEAAINNISLT Feature Selection TAgiAs Mutual

Information Classification

Accuracy Specificity Sensitivity Precision F1 Score

QOriginal 0.5728 0.5659 0.5889 0.04235 0.0808
Under 0.1362 0.1175 1.0000 0.0239 0.0466
Over 0.5728 0.5635 1.0000 0.0471 0.0200
Over with Half 0.5563 0.5468 1.0000 0.0455 0.0870
SMOTE 0.7136 0.7098 0.5889 0.0620 0.1159
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4.20.3.3 HAANENLAANNNISLT Feature Selection TmeiAs Decision Tree

Accuracy Specificity Sensitivity Precision

F1 Score

Original 0.8310
Under 0.8333
Over 0.3779

Over with Half 0.3756

SMOTE 0.4155

0.8417
0.5441
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0.4053

0.3333
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1.0000
1.0000

0.8889
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Balanced Bagging Classifier Tneiutisdayaludnsdan 67:33 14 Feature Selection #9835

Decision Tree

XGB Tuning Bal_Bagging with Original XGB Tuning Bal_Bagging with Under
o] 66 o] 05
2 2
K] K]
w w
4 4
1 6 3 1 6 3
0 1 0 1

true label

XGB Tuning Bal_Bagging with Over

predicted label

predicted label

{GB Tuning Bal_Bagging with Over with Hz

true label

true label

0

1
predicted label

XGB Tuning Bal_Bagging with SMOTE

predicted label

o

1

predicted label

nilsenay 385 uaansNlaaIN Confusion Matrix itRan19dANIsAUTymANllansg

v
Y TaLATINN A
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ANKHANIINARBILRINNLIZNAL 26 - 385 Langlimiiiugn LLUH’%W@@Q%I%%T’]’W

wAlaifoymanuliannarasiaya (Resampling Data Method) #aeiRt Oversampling was
Oversampling fluW1373mas sampling_strategy ARAWNAL 0.5 1 aunsnldiuasansaas
Accuracy, Sensitivity Wz Specificity AAngn Resampling Data Method ?ﬁﬁu‘]

2 o

=® ¥ o o dl o2aa] 1
ﬂmmqimm HNANITNARBIUBILLLINAB WI‘HQﬁﬂ’W?LLﬁl"HﬂQ_’IWW ﬂ'J’WNVLN(NNQ@‘ﬂ@\‘]

¥

dpya (Resampling Data Method) #2235 Oversampling uaz Oversampling iUn9NHIAas

ISP 1 o

. dl 3’/ o a ! dl ¥ I~
sampling_strategy NXAWINTL 0.5 visuna wdauaiuununduiaieldulsaume s

HAANSIBIUARTULLIANABY LNDMIULILAN AT LA ANENANGR Aennilsznew 386 — 415

AdaBoost w/ Oversampling Method
Feature Selection: Threshold

W Accuracy Specificity ~ ® Sensitivity
100.00%

90.00%

80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%

0.00%

Default Default Default Default Default Default Tuning Tuning Tuning Tuning Tuning Tuning
75:25 70:30 67:33 Bagging Bagging Bagging 75:25 70:30 67:33 Bagging Bagging Bagging
75:25 70:30 67:33 75:25 70:30 67:33

nnilsznay 386 UNU)NUVINTBILLLANA8Y AdaBoost 1l Feature Selection Tneids

Threshold L&z Oversampling
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AdaBoost w/ Oversampling Sampling Strategy 0.5 Method
Feature Selection: Threshold

M Accuracy Specificity B Sensitivity

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%
0.00%

Default Default Default Default Default Default Tuning Tuning Tuning Tuning Tuning Tuning

75:25 70:30 67:33 Bagging Bagging Bagging 75:25 70:30 67:33 Bagging Bagging Bagging

75:25 70:30 67:33 75:25 70:30 67:33

NNUsEneU 387 WNUNHUYINTBIULILANA8Y AdaBoost 71ld Feature Selection 1ngd5

Threshold Waz Oversampling Tun1313Aes sampling_strategy NRAYINAL 0.5

AdaBoost w/ Oversampling Method
Feature Selection: Mutual Information Classification

M Accuracy Specificity B Sensitivity

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%
0.00%

Default Default Default Default Default Default Tuning Tuning Tuning Tuning Tuning Tuning

75:25 70:30 67:33 Bagging Bagging Bagging 75:25 70:30 67:33 Bagging Bagging Bagging

75:25 70:30 67:33 75:25 70:30 67:33

NNL9ENel 388 WNUYHUVNTBIULILIANA8Y AdaBoost 71l Feature Selection 1ngd5

Mutual Information Classification Wag Oversampling
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AdaBoost w/ Oversampling Sampling Strategy 0.5 Method
Feature Selection: Mutual Information Classification

W Accuracy Specificity B Sensitivity

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%
0.00%

Default Default Default Default Default Default Tuning Tuning Tuning Tuning Tuning Tuning

75:25 70:30 67:33 Bagging Bagging Bagging 75:25 70:30 67:33 Bagging Bagging Bagging

75:25 70:30 67:33 75:25 70:30 67:33

NNUsEneU 389 WNUNHUYINTBIULILA1A8Y AdaBoost 71l Feature Selection Tngd5

Mutual Information Classification taz Oversampling NUN19&LAAT sampling_strategy #

1o

JANINAL 0.5

AdaBoost w/ Oversampling Method
Feature Selection: Decision Tree

W Accuracy Specificity  ® Sensitivity

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%

0.00%

Default Default Default Default Default Default Tuning Tuning Tuning Tuning Tuning Tuning
75:25 70:30 67:33 Bagging Bagging Bagging 75:25 70:30 67:33 Bagging Bagging Bagging
75:25 70:30 67:33 75:25 70:30 67:33

N nLlsznay 390 WNUHWYNIBIULLANABY AdaBoost 11 Feature Selection tneids

Decision Tree o Oversampling
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AdaBoost w/ Oversampling Sampling Strategy 0.5 Method
Feature Selection: Decision Tree

M Accuracy Specificity B Sensitivity

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00% I I I

0.00%

Default Default Default Default Default Default Tuning Tuning Tuning Tuning Tuning Tuning

75:25 70:30 67:33 Bagging Bagging Bagging 75:25 70:30 67:33 Bagging Bagging Bagging

75:25 70:30 67:33 75:25 70:30 67:33

NUsEnen 391 WNUNHUYINTBIULILA1a8Y AdaBoost 71ld Feature Selection Tngd5

o

. . o a s . dld 1 '
Decision Tree Wa¥ Oversampling NUWITIHLART sampling_strategy NdANIAL 0.5

Random Forest w/ Oversampling Method
Feature Selection: Threshold

W Accuracy Specificity B Sensitivity

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%
0.00%

Default Default Default Default Default Default Default Default Default Default Default Default

75:25 70:30 67:33 Bagging Bagging Bagging Balanced  Balanced Balanced RatioCW  RatioCW  Ratio CW

75:25 70:30 67:33 CW 75:25 CW70:30 CWE7:33 75:25 70:30 67:33

N wilszney 392 UNUHUYNIBIULLANA8Y Random Forest fill Default Parameters 71l

Feature Selection 1a2AT Threshold kA Oversampling
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Random Forest w/ Oversampling Method
Feature Selection: Threshold

W Accuracy Specificity B Sensitivity

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00% I I I
0.00%
Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning  Tuning Ratio Tuning Ratio Tuning Ratio
75:25 70:30 67:33 Bagging Bagging Bagging Balanced  Balanced Balanced CW 75:25 CW70:30 CW67:33
75:25 70:30 67:33 CW 75:25 CW70:30 CW67:33

nntlseney 393 WNUNUVINT89LULA1899 Random Forest fil Tuning Hyperparameters

N4 Feature Selection 1n2As Threshold kA Oversampling

Random Forest w/ Oversampling Sampling Strategy 0.5 Method
Feature Selection: Threshold

W Accuracy Specificity B Sensitivity

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%
0.00%

Default Default Default Default Default Default Default Default Default Default Default Default

75:25 70:30 67:33 Bagging Bagging Bagging Balanced  Balanced Balanced RatioCW  Ratio CW  Ratio CW

75:25 70:30 67:33 CW 75:25 CW70:30 CW67:33 75:25 70:30 67:33

NWLlszney 394 UNUHWYNTBIULLANA8Y Random Forest fill Default Parameters 71l

Feature Selection 1agR3 Threshold LAz Oversampling fT‘LIW’]ﬁ"]ﬁLM@§samp|ing_strategy

1o

PHA YN 0.5
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Random Forest w/ Oversampling Sampling Strategy 0.5 Method
Feature Selection: Threshold

W Accuracy Specificity B Sensitivity

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00% I

0.00%

Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning  Tuning Ratio Tuning Ratio Tuning Ratio
75:25 70:30 67:33 Bagging Bagging Bagging Balanced  Balanced Balanced CW 75:25 CW70:30 CW67:33
75:25 70:30 67:33 CW 75:25 CW70:30 CW67:33

nntlseney 395 WNUNUVINT89LULA1899 Random Forest fil Tuning Hyperparameters

4 Feature Selection ImeRs Threshold wag Oversampling fTun1ARas

1 o

. ndld {
sampling_strategy nuALINL 0.5

Random Forest w/ Oversampling Method
Feature Selection: Mutual Information Classification

B Accuracy Specificity  ® Sensitivity

100.00%

90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%
0.00%

Default Default Default Default Default Default Default Default Default Default Default Default

75:25 70:30 67:33 Bagging Bagging Bagging Balanced  Balanced Balanced RatioCW  RatioCW  Ratio CW

75:25 70:30 67:33 CW 75:25 CW70:30 CWE7:33 75:25 70:30 67:33

NNLgENal 396 WNWYHUYNTBIULILA1a8Y Random Forest il Default Parameters 914

Feature Selection 1a2iRs Mutual Information Classification Waz Oversampling



236

Random Forest w/ Oversampling Method
Feature Selection: Mutual Information Classification

W Accuracy Specificity B Sensitivity

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00% I
0.00% I

Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning  Tuning Ratio Tuning Ratio Tuning Ratio
75:25 70:30 67:33 Bagging Bagging Bagging Balanced  Balanced Balanced CW 75:25 CW70:30 CW67:33
75:25 70:30 67:33 CW 75:25 CW70:30 CW67:33

nntlseney 397 WNUNUVINT89LULA1a99 Random Forest fil Tuning Hyperparameters

4 Feature Selection 1n¢A% Mutual Information Classification Waz Oversampling

Random Forest w/ Oversampling Sampling Strategy 0.5 Method
Feature Selection: Mutual Information Classification

W Accuracy Specificity B Sensitivity

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%
0.00%

Default Default Default Default Default Default Default Default Default Default Default Default

75:25 70:30 67:33 Bagging Bagging Bagging Balanced  Balanced Balanced RatioCW  Ratio CW  Ratio CW

75:25 70:30 67:33 CW 75:25 CW70:30 CW67:33 75:25 70:30 67:33

N wilszney 398 UNUHWYNTBIULLANA8Y Random Forest fill Default Parameters 71l
Feature Selection 1ag38 Mutual Information Classification Wag Oversampling M

W1Rmes sampling_strategy NNANWNTL 0.5
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Random Forest w/ Oversampling Sampling Strategy 0.5 Method
Feature Selection: Mutual Information Classification

M Accuracy Specificity B Sensitivity

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%
0.00%

Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning  Tuning Ratio Tuning Ratio Tuning Ratio

75:25 70:30 67:33 Bagging Bagging Bagging Balanced  Balanced Balanced CW 75:25 CW70:30 CW67:33
75:25 70:30 67:33 CW 75:25 CW70:30 CW67:33

nntlsenay 399 WNUNUYINT9LULANA83 Random Forest fil Tuning Hyperparameters
Nd Feature Selection Tnei3a Mutual Information Classification wa Oversampling Ll

W1Rmes sampling_strategy NNANWNTU 0.5

Random Forest w/ Oversampling Method
Feature Selection: Decision Tree

B Accuracy Specificity  ® Sensitivity

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%

0.00%

Default Default Default Default Default Default Default Default Default Default Default Default
75:25 70:30 67:33 Bagging Bagging Bagging Balanced  Balanced Balanced RatioCW  RatioCW  Ratio CW
75:25 70:30 67:33 CW 75:25 CW70:30 CWE7:33 75:25 70:30 67:33

NNLgENa1 400 WNWYRUYNTBIULILA1a8Y Random Forest il Default Parameters 914

Feature Selection 1a&AT Decision Tree WAz Oversampling
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Random Forest w/ Oversampling Method
Feature Selection: Decision Tree

M Accuracy Specificity B Sensitivity

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%

0.00%

Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning  Tuning Ratio Tuning Ratio Tuning Ratio
75:25 70:30 67:33 Bagging Bagging Bagging Balanced  Balanced Balanced CW 75:25 CW70:30 CW67:33
75:25 70:30 67:33 CW 75:25 CW70:30 CW67:33

nntlseney 401 WNUNUYINT89LULANA99 Random Forest fil Tuning Hyperparameters

d Feature Selection Tnei3@ Decision Tree wa Oversampling

Random Forest w/ Oversampling Sampling Strategy 0.5 Method
Feature Selection: Decision Tree

M Accuracy Specificity B Sensitivity

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00% I

0.00%

Default Default Default Default Default Default Default Default Default Default Default Default
75:25 70:30 67:33 Bagging Bagging Bagging Balanced  Balanced Balanced RatioCW  Ratio CW  Ratio CW
75:25 70:30 67:33 CW 75:25 CW70:30 CW67:33 75:25 70:30 67:33

NnLlszney 402 UNU)HWYNTBIULLANA8Y Random Forest fill Default Parameters 71l

Feature Selection 1agR3 Decision Tree waz Oversampling TUW13HLABT

(A

sampling_strategy ARAWNTL 0.5
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Random Forest w/ Oversampling Sampling Strategy 0.5 Method
Feature Selection: Decision Tree

W Accuracy Specificity B Sensitivity

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00% I

0.00%

Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning  Tuning Ratio Tuning Ratio Tuning Ratio
75:25 70:30 67:33 Bagging Bagging Bagging Balanced  Balanced Balanced CW 75:25 CW70:30 CW67:33
75:25 70:30 67:33 CW 75:25 CW70:30 CW67:33

nntlseney 403 WNUNUVINT89LULA1899 Random Forest fil Tuning Hyperparameters

4 Feature Selection ImeiRs Decision Tree LAz Oversampling AUWITAmaT

1o

. ndld {
sampling_strategy nuALINL 0.5

Extreme Gradient Boosting w/ Oversampling Method
Feature Selection: Threshold

B Accuracy Specificity  ® Sensitivity

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%
0.00%

Default Default Default Default Default Default Default Default Default Default Default Default

75:25 70:30 67:33 Bagging Bagging Bagging Sample WT Sample WT Sample WT Scaled PW Scaled PW Scaled PW
75:25 70:30 67:33 75:25 70:30 67:33 75:25 70:30 67:33

NsEnay 404 WNunNUViNT89LULANa99 Extreme Gradient Boosting il Default

Parameters 1114 Feature Selection 1agRT Threshold Laz Oversampling
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Extreme Gradient Boosting w/ Oversampling Method
Feature Selection: Threshold

W Accuracy Specificity B Sensitivity

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%
0.00%

Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning

75:25 70:30 67:33 Bagging Bagging Bagging  Sample WT Sample WT Sample WT Scaled PW  Scaled PW  Scaled PW
75:25 70:30 67:33 75:25 70:30 67:33 75:25 70:30 67:33

nwsznay 405 WNWNHWYNTBULILA1a89 Extreme Gradient Boosting il Tuning

Hyperparameters d Feature Selection Tne/da Threshold wa Oversampling

Extreme Gradient Boosting w/ Oversampling Sampling Strategy 0.5 Method
Feature Selection: Threshold

W Accuracy Specificity B Sensitivity

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%
0.00%

Default Default Default Default Default Default Default Default Default Default Default Default

75:25 70:30 67:33 Bagging Bagging Bagging  Sample WT Sample WT Sample WT Scaled PW  Scaled PW  Scaled PW
75:25 70:30 67:33 75:25 70:30 67:33 75:25 70:30 67:33

N Usznau 406 WHWNALYNTBILLLIA1a89 Extreme Gradient Boosting il Default

Parameters 714 Feature Selection 1agidd Threshold az Oversampling AUNITHRRT

(A

sampling_strategy iAWY 0.5
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Extreme Gradient Boosting w/ Oversampling Sampling Strategy 0.5 Method
Feature Selection: Threshold

W Accuracy Specificity B Sensitivity

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%
0.00%

Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning

75:25 70:30 67:33 Bagging Bagging Bagging  Sample WT Sample WT Sample WT Scaled PW  Scaled PW  Scaled PW
75:25 70:30 67:33 75:25 70:30 67:33 75:25 70:30 67:33

nwisznay 407 wNWNHWYNTBULILA1a89 Extreme Gradient Boosting il Tuning
Hyperparameters 14 Feature Selection ImeiRs Threshold WAz Oversampling fiu

W1Rmes sampling_strategy NNANWNTL 0.5

Extreme Gradient Boosting w/ Oversampling Method
Feature Selection: Mutual Information Classification

B Accuracy Specificity  ® Sensitivity

100.00%

90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%
0.00%
Default Default Default Default Default Default Default Default Default Default Default Default
75:25 70:30 67:33 Bagging Bagging Bagging Sample WT Sample WT Sample WT Scaled PW Scaled PW Scaled PW
75:25 70:30 67:33 75:25 70:30 67:33 75:25 70:30 67:33

NlsEnay 408 WNUNNUVINT89LLLA1a99 Extreme Gradient Boosting il Default
Parameters 914 Feature Selection Ime/3a Mutual Information Classification WaY

Oversampling
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Extreme Gradient Boosting w/ Oversampling Method
Feature Selection: Mutual Information Classification

W Accuracy Specificity B Sensitivity

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00% I
0.00%
Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning
75:25 70:30 67:33 Bagging Bagging Bagging  Sample WT Sample WT Sample WT Scaled PW  Scaled PW  Scaled PW
75:25 70:30 67:33 75:25 70:30 67:33 75:25 70:30 67:33

nwisznay 409 WNWNHWYNTBIULILA1a89 Extreme Gradient Boosting il Tuning
Hyperparameters 4 Feature Selection IngiA% Mutual Information Classification kaz

Oversampling

Extreme Gradient Boosting w/ Oversampling Sampling Strategy 0.5 Method
Feature Selection: Mutual Information Classification

B Accuracy Specificity  ® Sensitivity

100.00%

90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%
0.00%
Default Default Default Default Default Default Default Default Default Default Default Default
75:25 70:30 67:33 Bagging Bagging Bagging Sample WT Sample WT Sample WT Scaled PW Scaled PW Scaled PW
75:25 70:30 67:33 75:25 70:30 67:33 75:25 70:30 67:33

nlsEnay 410 WU RNUNT89IULA1899 Extreme Gradient Boosting iUl Default

Parameters Al Feature Selection 183 Mutual Information Classification Llag

1o

Oversampling fUW1378LAaS sampling_strategy NNAWNTAL 0.5
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Extreme Gradient Boosting w/ Oversampling Sampling Strategy 0.5 Method
Feature Selection: Mutual Information Classification

M Accuracy Specificity B Sensitivity

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00% I
0.00%
Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning
75:25 70:30 67:33 Bagging Bagging Bagging  Sample WT Sample WT Sample WT Scaled PW  Scaled PW  Scaled PW
75:25 70:30 67:33 75:25 70:30 67:33 75:25 70:30 67:33

nsznay 411 WNWNHWYNTBULILA1a89 Extreme Gradient Boosting il Tuning

Hyperparameters 4 Feature Selection IngiA% Mutual Information Classification kaz

1o

Oversampling TUW1T1RImas sampling_strategy NNAWATL 0.5

Extreme Gradient Boosting w/ Oversampling Method
Feature Selection: Decision Tree

B Accuracy Specificity  ® Sensitivity

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%

0.00%

Default Default Default Default Default Default Default Default Default Default Default Default
75:25 70:30 67:33 Bagging Bagging Bagging Sample WT Sample WT Sample WT Scaled PW Scaled PW Scaled PW
75:25 70:30 67:33 75:25 70:30 67:33 75:25 70:30 67:33

NNsEnay 412 WU Nuier89lULA1a99 Extreme Gradient Boosting i Default

Parameters 7114 Feature Selection [a&RT Decision Tree WAz Oversampling
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Extreme Gradient Boosting w/ Oversampling Method
Feature Selection: Decision Tree

W Accuracy Specificity B Sensitivity

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00% I

0.00%

Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning
75:25 70:30 67:33 Bagging Bagging Bagging  Sample WT Sample WT Sample WT Scaled PW  Scaled PW  Scaled PW
75:25 70:30 67:33 75:25 70:30 67:33 75:25 70:30 67:33

N wsznay 413 WNWNAWYNYBIULILA1a89 Extreme Gradient Boosting il Tuning

Hyperparameters 4 Feature Selection Inei3s Decision Tree WAz Oversampling

Extreme Gradient Boosting w/ Oversampling Sampling Strategy 0.5 Method
Feature Selection: Decision Tree

W Accuracy Specificity B Sensitivity

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00% I

0.00%

Default Default Default Default Default Default Default Default Default Default Default Default
75:25 70:30 67:33 Bagging Bagging Bagging  Sample WT Sample WT Sample WT Scaled PW  Scaled PW  Scaled PW
75:25 70:30 67:33 75:25 70:30 67:33 75:25 70:30 67:33

N UsEneay 414 WNUNAWYNTBILLLIANa89 Extreme Gradient Boosting il Default

Parameters 714 Feature Selection 1ngi3d Decision Tree wag Oversampling AUWITHmaT

(A

sampling_strategy ARAWNTL 0.5
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Extreme Gradient Boosting w/ Oversampling Sampling Strategy 0.5 Method
Feature Selection: Decision Tree

W Accuracy Specificity B Sensitivity

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
2000%
10.00% I I I I

0.00%

Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning Tuning
75:25 70:30 67:33 Bagging Bagging Bagging Sample WT Sample WT Sample WT Scaled PW Scaled PW Scaled PW
75:25 70:30 67:33 75:25 70:30 67:33 75:25 70:30 67:33

nntlseney 415 WU NUYINT89LULANA99 Extreme Gradient Boosting il Tuning
Hyperparameters 4 Feature Selection tngas Decision Tree WAz Oversampling 114

ISP '

‘W’]?’]ﬁme{sampling_strategy ANAWAAL 0.5

v v
a o o o

ndl a d”-dl o c a 4 g
\HesannaddTuiinaaiumensunwng - Aaiunisdszsiiunaazld  Sensitivity
. . dlal 1 | dl A o o o A o o
ey Specificity NHAN437 Tae Sensitivity azifuAsasdiedmiunsdnnseslsn visadmiy
\uesesdla Rule Out Tsaiasde Gevnnuuuanaswinuaianan vinligisenidulsa
397 azgnatadedn Tdidulsn Gewinlidtheenaazldlidriuntsinm dnndilaedulsn
FrauseAinnar Wi neunTinld wunsnasannasiial Sensitivity g9 e liuunanasy
o v ni a ¥ ] I o dl ] a v dl
assounegtlaefiiulsnase Idagsusduganniign uasvinunsianainieaign
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dll A dl o dl [ o e 1 A aa o
\P3aede Rule In lspfiasdt Geazmsariuduiy Sensitivity nanaae unisiiladuunanis
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Tananldidulsnge uuuanaesinfinisieAl Specificity §47 aniduri

annndsznay 386 — 415 §RdeadlAARNABNULILIANABININAT Sensitivity inriL

100% WsnfFauiaueanuuLaaes Wnadwinanga aanwisznay 416
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Feature Selection: Mutual Information Classification

W Accuracy Specificity M Sensitivity

100.00%

80.00%
RF Tuning  RF Tuning
Over 67:33

RF Default RF Default RF Default RF Default XGB Tuning XGB Tuning RF Tuning XGB Tuning RF Tuning RF Tuning
OverHalf ~ OverHalf  OverHalf ~ OverHalf Over 70:30 Over OverHalf Over OverHalf  Over 75:25  OverHalf
Ratio CW Bagging Bagging Bagging SampleWT Balanced ScaledPW Bagging Balanced

75:25 67:33 70:30 75:25 70:30 CW 67:33 70:30 75:25 CW 75:25

NNLIENAY 416 UWNWYRUYNIBIUULANADY 12 Faf lTHAANTNATIgR
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