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Despite their potential, machine learning models are susceptible to overfitting and are expensive
to train, and ensemble learning and feature engineering can be used to improve generalizability and
reduce training costs. Ensemble learning, where various models are independently trained on a dataset,
improves accuracy but increases computational cost. Feature engineering, where meaningful features
are extracted from the training data, can be used to reduce the data volume and thus training costs for
ensemble models without compromising model quality. In this study, several feature engineering
methods, namely filter methods, wrapper methods, and embedded methods, were evaluated for their
effectiveness as preprocessing methods for ensemble learning. These methods were evaluated against
commonly used feature extraction methods, such as principal component analysis. The best-performing
ensemble learning method that was then adopted in the proposed method was ensemble stacking
learning, in which the predictions of each learner are integrated in stages to improve model quality. To
reduce model bias, heterogeneity among learners was emphasized to further improve predictive
capability. The proposed framework was validated experimentally on the Wisconsin Breast Cancer

Dataset. The proposed diverse ensemble stacking method outperformed its state-of-the-art counterparts

in precision, recall, F1 score, and accuracy.

Key Words: Ensemble Learning, Feature Engineering, Diversity Structure, Principal Component

Analysis
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AN TR ARG 2 - (LI P2 = a2 Ay B MR MR AT R i -
TE SRR ER B AR - 22k x5 (Ensemble Learning )
TE 2 BRH 7 f A e B H S A MERE AR E 1 AHET
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IR o A R DB S R OB B R I e PRI
BRI A S DU LB T -
% Chandrashekar % A 5 HYRG MOS0 B2 > FIRO LI UAE
(i PSR — RS R B S B B R R IR
NEERENTE [2] - ERmaE— R R A
038 I T R A ORI » PRI TR B R T
T ARG  VE SIS R N TR LS T
K -
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Binarization Feature Feature Feature
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Filter PCA
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B 1. BRI

1. R
i (Feature Transformation ) JE45/FIFAARHEUE
TRIEER - DISCERRHEEY s R - (S S es
BB R0E o R ARy H BIER R e Bl e th R LR A SR
(Domain) 72 K ARSI, - AERAE e B2 I B A PR
REEARHIRIRE - FrEERm A E U =M ¢ EREL
( Standardization ) ~ TE#H{E (Normalization ) ~ DL R —E
1k (Binarization ) »
TR FIAYEIG Ry Z-Score BEAE(L » HEFEOERES
(E B E R B s E AR 22 W R TH 0 (EFS P A U E
& — R _EHETERER o IERU LI AE e AR i/ M-
RHEB(Min-Max Scaling) » HRr (8 B B E R BEEEIR €
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PSR  (EEMHEE— SR A TIEE - R B LR
AR EEE L ERTP A RIS e B AR E R L # 7
K5 0 (NABCEERRME) 801 CRIARRME) -
2. FrfEAE
FifEial @& (Feature Creation ) Y[R ¥ 2 DL 9H I3k 1 5%
( Domain Knowledge ) AT RHEIY 702 » MR A IR
RBIE AR ECR AN IR L DI EZHIER - 12
iR MR B i S IV BUE RO - RIS R BB RR S
T 4G - BEEEETAE o DURIERTECHIRE T S SRR L -
AT A S T FHEdE S (Feature Combination ) » 75
B G S (ERAREORBIE R Gla - K S S e E
st B BMI 5% - S54RI &R Eda @ ( Feature
Expansion) J57% » BERARHEHETT SRR S D IHE
J&& - Dl S m Pgay s E MRS R BRI A R A -
3. FrElE
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BRI A(E S B RV B DU D BUIRHI4EE - Rl
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ol e AL AR B M RE A P VR « IR AR 088
R A SIS B AR SREAE T - R ik A B R
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1

B AR

45085 (Bagging ) HYRT/Z /2 BB MR 2 AR 2 (1
AR JE S TR A AR B SR R RS SR EE -
(B2 2B ISk % - BV FUNISS FeErE Bt es - 3%
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AL Ry RAZ R - R RAE A R R AN - 58
SRR THMISE SR - A 82 R B P AN SRR > A R
[EIHIFORIGE S - AR R SRS E A B AR i
M AL T DA AR A EE TR S S ERR [6] - BIZNR(EEA
AL > 3R (Decision Tree, DT ) » 55—l 2 451
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TEIEE - B - DLRIRAVESE - WELE HEY PCA
( Principal Component Analysis » 453434 ) bRk ~ BIZZ7H
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Bk P ERE R AT R S L TT AR R E RS
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AT (A 221 » 0 DA BRI F oy SR E B Y £
PGS ERREURD T IRV - R T RE TR E
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1. 4808 0% © DLRZ B A fH Bl f% % ( Pearson Correlation
Coefficient) 1FRRFREL - FTERIITAR LR R
I RHEATE > 1T LUR DOKERA 78 Bsdlll R E IR (2L -
2. EEEE ERERE G SO s 2 IR I PRIA( RFECV )
WA RIEGEE T XX - B A Bray B E
(Robustness ) ©
3. R AVE  DIESR IERI B4R &5 {2 R ( Logistic Regression )
Rt NRIEAME (Regularization ) ®] LA 1 AU ik
& o EAEBAVTSCETT - L2 IERIMLEREE T A B SK g
& (Solver)» Hix L1 IEANBRECR AR HVRHEL > RILAE
RAERE SRR L2 IEAINE -
4. B bt = RERHEOEEER UTE - B DR R AR

R T AR PCA JERDARIGE R - (F Ry bl =7
TIELER AR AE > DU AR 8 B TP A RE AT HY U
Bk e
B TREERE PR EBEBERZEN N NETGHE
TROHIGE SR » DA PURERH R AR R )7 A3 e A R (B DU RCR
LR - ECEE R R - R AR DIIE
Rl 25y BEEBISERE BALEEAEZE (Variance ) > FiTEH
fir FEAE 22— R aE Ay T A =N (DR - B AR
E757% > BUgHIPIESGER 0 FEEEER | (E5E
BT e EFEHe o (Standard Normal Distribution ) » DU
FEHIE AL TEEEAI 34T

std _ Xi—X
i o) ( 1)

Hoeft x BRI S TR IS 17 R | EAEE s
xR BRI REEAE o (ORIRHEAREAEE -
(Z) EREESREERER

KT R SRR Yl (Stacking) HYJ50E » MR
SRR TR » B AR BRI A BB R AR MEAVAR
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HITEHMIGE R - BIATREAE AR Ry i sRis (DT) » S5—1{lE2
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Random Forest (RF) J&—FEE A S HEp 2 E 75
V5 BB E IR (O - T SR SR M T IR
ST B AR A TR « TR Rl T =B I T ISR B A
VeV » A BN R EAB RS » FIRF Bl T By
T EfFERETT= -

Naive Bayes (NB) /ZEAMRATETI MRS » HAZO
TR PR B I M AR T R R B - S AR Y
a3 Naive Bayes 7R FR R4 SURIERUR B » [FRF
WK T T B BLEA SRR [F 0 R AR 2 -

FE A AdET (Logistic Regression, LR) 2 —fRETE 57
MERBHEE BT P H RG] - B

(Linear Regression ) $i{bl B » W #15i2 FI AKETHAf 82 e
BRI » [ 2 PR AT 4 A P (i R A B A 45 51
17724 5 O A i 43 SR 45 SR < fOAH BRI ST SRR TS
& i WTHEIER (Logistic Regression, LR) iR g -
RESOFR M BRAFHY 0 JRUR - 275 Fitriyani HE2ZAIHIE AR
51> ARFFTATEETH A HEE 4 BT Bas UBREEHI AR
ELEENE T A TR
1. &Ry BllSige D B -
w34k EE D #153 & K ERERH T4 Wl S — g oy
JAZBK R -

3. BHEESR5E AT BB HEF A S K -4 - Rr
ERE R EE I oy SR AR =

4. {FFREENE— sy s I AEE oy e -

5. B GREENISE B » DUEE AT RS
ESEE

6. F GBIl sl Roe Rt o RORE SR A
BT HHES -

7. ERE BB EA N E Ry R M
DUESHRAS TGS R -

(Z) LR

AR AR AR R EHER (Accuracy ) ~ FEHER

(Precision ) ~ A[A[Z (Recall) ~ F1 {H (F1 score) » 265

TEBEREIE Y E M (True Positive, TP) ~ (/555
4 (False Positive, FP) ~ E &M ( True Negative, TN ) Fl{&f&
P (False Negative, FN) PU{ESEAH G TR - DU A&
THFHE R B AR
1. ERER (Accuracy ) @ RFEZERLERETRHIFYEE A B L4E

BEARGAIEL B EE s A FRASE AL TR TERERY A %R -

—

N

\ Train data ] Test data

Validation folds
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1
P
- ————

ceeves

First level stacking models

e

All first level prediction
outputs
| Train

LR basced second level
modcl

4. EREEHERARERE (7]

sawy Jf jeaday

First level prediction
Ouput in k-th iteration

Hazan=( (2) Fos -

TP+TN
TP+TN+FP+FN

Accuracy = (2)
1. FEHERR( Precision ): TEFTA A HIERT K IE BRI A
EIE L RIEFIAYELH] > Precision gls; » FRBIHHE s

AT AR TP B R R PEAVEE B S - 4= (3) AR -

TP (3)

Precision = ——
TP+FP

3. AEER (Recall) : fEATA I B IEGIHIEA S - HfEA
IEHEHET Ry I BIRIELS > Recall {HALE @ (AR
IEREIREE Z RIS EREA - 103 (4) AR -

TP
TP+FN

Recall = (4)

4. F11E (F1score): & Precision f{I Recall HY5EA1EIE(H -
STEEEHRIATBHEREL A 05 H{E RS FRERLE
TEREAA [0 7 FE S T e iy ey 00 5 R e

2x(PrecisionxRecall)

F1 Score = (5)

Precision+Recall

TEERGE R PG B S T R 45T - DL

Accuracy FEIE R E - BRI RS A TN IERER - F 2L
Precision 5 {841/ {050 T8 o TE AR RO TEBESRE - L
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Recall IR ZEAVS A FTA IEBIEE AN IERER > £ (%51
F1 Score f5fZ# %< Precision ¥ Recall fi& » & ERESENE:
RAFHY- -

- BRRGER

AWFEIRATIL R 775  PLABHRYERHEEEREE AT T
FTHR BT TR B A TR0 72 52 - B B S 92 73 Ry W 18] 1 1 B
a5 0 o7 Bl Ry ERAERE ~ SRATHFR - DAREAGEHAS HIETE S RESTEL
ST AR R AV R A - BRI T RTS1 -

(=) ERERKR

FEERMERAZKE UCI (University of California, Irvin )
iR B} B TR 2 LR B R R ( Wisconsin Breast
Cancer Diagnostic Database » WDBC) [3] > $t¥fH AR
BRMEAEILA 569 E2HE &) - H 32T (Diagnosis) & R
MF 359 % (63.1% ) - EMZETHIA 210 2 (36.9%) - &
R 32 (@M s T —(E ID ik - — B - DUk
30 {EFRFEUENE o RrEUBIEERE T LI SAIAERY 10 fEA
FEFFERVETRGER - BEREW =4 FHES 10 {E
R ME -~ B LUK E -

(BT AT DU ZR B0 0 e B E HY B =SB R Bl
area_mean FF AV EL A {E =2 2500 ¢ {H smoothness_mean 43
BT AEAN A 0.1634 > 55 ATREE EUHAUAE S SRR L i
FERREBERAATRFE - 1 2B EE TR - NEAE
Barh i A B LA FR R R B R B E R E A
DIHECRIERIR SR EE Y F L B0 HE T T M AR E AT
FEHITERE -

() BHTRENERER

AERECRE T FAVRHERRIUTE PCA - Bl =fR e
FROTE IEIRE - BEEE - DURARATE - W H 7y B DURHE
{EREE LR AR L PR A E S R R AR T AR E R - R 22
PURE 7 AR > [ER EERE S A EEE (B R SE SR ANTE 5 B IE]
6 A o RSB EAVRHE AR R FlEl 5 aT DU
L ATEHBENAEREAR (Accuracy) % 0.963 HA[HHR

(Recall) % 0.975 H{BRAHEAM T © /ML AT DU EEIE
4875 (Wrapper) HYAERESEL F1 Score HZ S T Bilie AJEAH
[EIEVEE - W 2 R RITE T BAO ARG R E IR -
AR AHT TN B Ry i3 (B PR BE AR OIRE
NRET A EERATEE BN A B - ARSI
FHE LG MEAVEER - EHR R BRI R T -

AN e AT 3 E
H AR
0.98
0.975
0.97 i
0.965 f
0.96 I
0.955 il
0.95 5 !
0.945 i i
0.94 i i
0.935 it
0.93
Filter Wrapper Embedded PCA
M Precision 0.966 0.975 0.967 0.967
® Recall 0.95 0.967 0.975 0.967
M F1-Score 0.958 0971 0.971 0.967
W Accuracy 0.947 0.963 0.963 0.957
= 3 21
5. BRI L2 SR IERERHE
YN S A |-
E (b
1
0.99 1
0.98 i
0.97 il
0.96 i
0.95 i
0.94 i
0.93 .
0.92
Filter Wrapper Embedded PCA
M Precision 0.983 0.984 0.992 0.992
m Recall 0.95 0.992 0.992 0.983
B F1-Score 0.966 0.988 0.992 0.988
W Accuracy 0.957 0.984 0.989 0.984

6. EPEER(LZ I RMERERT AL
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B - CHR AR RseliR - AERERR 2 0.989 - 1lff
BAEKETER « F[E2E1 F1 Score tHUS T BEFET - HEE:
SR AT DA ERE] - B BEABRHEHHEL PCA fEEMER [
T T H TR 0.984 GASEAE A EER EHUS T RHEFHIRE
BFONUAESIREE B IR A - B E AT REH—Lepa kA
AHT Rl 1k - PCA AINRAERTER EHUG T3 4rHIRIE - Q
LI AR IR R TEURIAY 25 28 B Ry B

DL AU R AR T AR B SRS IRAVELE DI E
HBHE(E B ERAR  FEERIAR SRR LR E SR A DI
R ATE B R RE A B RN A B i = Y B  (H
TR A TEAEA BIRFIR E B —8 > FoR U7 7A ] LI E]
LR -

LIFRRHTE AR E B LR SIS EIRAD
FEIEEATRT - EERGERBUNR A AR A R EE
R > % PCA BLEIAEE 0.005 © PCA BEZAERER M %
5 {8 PCA ‘& TR ZE T TA2 - SIS ol et -
BRI B R R MR T & A AR (R R R P
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TR R B IR RS ER R A B A A E
BB R BRI
(Z) BB TR R IR

£23% Ariana Tulus Purnomo & A fEELAFZE HR[ 11151 8
SREREE (A T 2R 846 7 MLR DT RF»
SVM ~ XGB ~ LGBM ~ CB ~ MLP » D) J; =filif s gl 2235
Zaf# > BI SEC ~ BTSC il NSEM - 3% Bk B B4t 595 B A
NSEM ( Neural Stacked Ensemble Model ) %2 » B DUS5 5
(RAVAEERS - RLE AT R 2812 NSEM 225 1E ¥ith -

Neural Stack Ensemble Model J&—7f845 & 25 {E A4S
AR ZeRE » HEZHAREE T EIEE ) (ensemble
learning ) ARHE = R AU FEORIAEE MR AR (R - HOE(RE D7 =
FoEALEAREMLHELSE (4 CNN ~ RNN
Transformer ) » fH{EAG4S & T 22 HETTTEOM] « 5 SL AR
PRI TS R & (F Rl A ERAE T _EEauisal - ;1% b
[ R S B E AT B 45 & T RIS BRI AY TN » 7 AR B AR
% o

RIRFFEBAIEN - B2k NSEM Uitttz
SYRESRUENIRR 2 Aivr e Se 84 E]F NSEM Y Base-Models £
HaxH - HAAREBRE N A IGE RESHE T e MR il
TTHE > B FEE] NSEM ZRRT MACR TR - RIERAEEAS
R ECIAR (BEBLRIR AR ) 1B SR U A2 ey
ERERTHTIL DA TEE B -

TEE RIS B AR R A B R4S A8 7 P - AHt
FUFTHR A 2Rk B (Diversity Stacking ) fERIAYFR
B ESTERHE TR ERS  NSEM Y45 - EERGER
BTSRRI AUAE RO T TH - L NSEM $RFE L5
PERRA > H RIS SRR > Wi BH T R TR A A
FREESENTS NSEM 424 -

TER RO AR B RAS SA0E 8 i - B ERsS
Rl DB Z A BLAAR TR FHETAR % R E IR
AR A IHRANTER © #EZR NSEM [REHER (Precision) fi
0.974 RIEEFEFZE 0.991 » HEFARAEEE (Recall) LA
MEEHVEET: - BRSNS (Diversity
Stacking ) fHAY o B R[G5 1k M HE B 5 TR IR IR IERS:
L MEAVERT B S RE M B AR A BRI E T NSEM
HY B A AR

SEEARIZE P EERAERAE 3 P &8H BB T D
T - SERCEREHERY Base-Models EFFZARME - BEiE S
EHBRAEREA . B ARER B R 2 BRI E IR
HERRTEE N » FBER T — B E RS R - BIMESS R P
U AR AT R AR - 32T T NSEM f8
RIRTHRERER - BRNIEER AR - EBFEE (L
TTRACE > AR - 36 H R AE A 2B Bt T8
HIAERESS -

2% 2. NSEM EES8 [14]

Models Hyperparameter Values Final Value
learning_rate 0.01,0.2,0.3,0.5 0.2
subsample 05,06, ...,1 1
colsample_tytree 0.5,0.,...,1 1

XGB max_depth 3,4,....8 7
n_estimators 100, 200, ..., 1000 700
alpha 0.7,1,1.3 0.7
gamma 0,05,1 0
eta le-1, le-2, 1e-3 le-1
min_child weight le-5, 1e-3, le-2, le-1, 1, lel, 1€2, 13, 1e4 le-5
subsample 0.1,0.2,...,1 04

LGBM | colsample_bytree 0.1,02,...,1 0.7
max_depth 3,4,5,6,7,8 5
n_estimators 100, 200, ..., 1000 900
num_leaves 10, 20, ..., 100 10
learning_rate 0.03, 0.001, 0.01,0.1,0.2,0.3 0.1

CB depth 3,4,...,10 8
iterations 100, 200, ..., 1000 400
12 leaf reg 1,3,5,10, 100 1
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GR4EE - E=HE - BiEE « G ERERE B BRI

SR T FhA BB SRR I ERERE R NSEM Ebik - 5%

SRATZESR 2 5 BV S {0 S BT R0

> B NSEM J 2 S B HERE S R e A TR

P -

o I I FERTTIRFRLIAT T BB SR 99T

FE > STFLEE HIBRER BEAH & T SRS 5 1 - B2 R TR
e 333 3333 B PR R 5 LR T XSS
— = = BRI RS - TERAR R S5 - M

B 7. AL AR R R RIFTEEFIRIACR  IE A B R R SRR AT AIBER -

FERARH IR FE o 75 5 25 0 B B B DA SR LAY A m S
FEEEREEE RS ERENENFIE SRR TR

(A
1 BHITRIMERE - B R B AR L 2R A —EATER
098 WG FH—NE SRR 775 I e R th 2 Rt
0.97
oRs PCERE A - AT RS S AR M B TR R AR (% b
038 l I SEEBETEHIR SR SR FONERE - TTEHIET 5
0% NSEM Diversity Stacking B St SRR IR 7% - R R SR RS A R
Precision 0.991 0.992
# Recal 095 0992 YR B 25 » ARAHZE o a] DUZS 68 R 20 1 B B T
—— — A 7 FEIEATO 4 T S e T A S S P P e
T S ST RIS B B A E R
IEAh > BLEE R ER B DI FE2E ( Federated Learning )
% 3. NSEM B35 R M Gt T LERY A BN G IR - E AR &2 BB T2
R TR DURTHERE R SR e M - BB T AV E R E TR
NSEM Diversity Stacking SR — IR SE R A (TR & TS BRI R
Precision 0.974 0.975
Recall 0.942 0.975 TTA 4o Bl S By S B BT - W AeE LR B A - AR
F1-Score 0.958 0.975 AR] LE e AR
Accuracy 0.947 0.968
ERTE
NSEM Diversity Stacking %&%jﬁ
Precision 0.991 0.992
Recall 0.950 0.992 1. Aggarwal, C. (Ed.) (2014) Data Classification: Algorithms
F1-Score 0.970 0.992 and Applications, 1st ed., Chapman and Hall/CRC, Boca
Accuracy 0.963 0.989 Raton, FL.
N 2. Chandrashekar, G. and F. Sahin (2014) A survey on feature
selection methods, Computers & electrical engineering,
AWFEIR Y — TS AR M B E A DA S e e 40(1), 16-28.
HITEDHIMESE » W AR bhi R B RHE AR 574 » PR TN 3. Diagnostic Wisconsin Breast Cancer Database (1995)
TS > EEhEREE RS TEN IR - TR Retrieved October 10, 2024, from https://archive.ics.uci.
LRy B BT » (0 PR L TR R E ~ BSEE - R ALE edu/dataset/17/breast+cancer+wisconsintdiagnostic.

4. ElectricityLoadDiagrams20112014  (2015)  Retrieved
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5. Fitriyani, N. L., M. Syafrudin, G. Alfian and R. Jon

BRI E f e » Horp DR ACERYEE N IEAIMERYEE &
SRR RUR R R - (RS EE R T B
JF BB BB ANAH & - (E SRR E R B -
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