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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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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
Ze4# > BT SEC ~ BTSC Fil NSEM - 3% SR E B 45 B
NSEM ( Neural Stacked Ensemble Model ) %2 » B DUS5 5
(RAVAEERS - RLE AT R 2812 NSEM 225 1E ¥ith -

Neural Stack Ensemble Model &5 & 2% [ (4L 48
AR ZeRE » HEZHAREE T EIEE ) (ensemble
learning ) ARHE = R AU FEORIAEE MR AR (R - HOE(RE D7 =
BB AE L EEEHLEL (0 CNN ~ RNN B
Transformer ) » EF{E4E4E AL EL B HETT TN o 15 LLALRRE
PRI TS R & (F Rl A ERAE T _EEauisal - ;1% b
[ S B AN A] e (b 45 & T TR A FEOH] - 2 AR AR A8 4
% o

RRFFERAEN - EAFHZERIR NSEM SRt 2
ISR EAIRR 2 FiR - SE 82 R NSEM HY Base-Models £
HaxH - HAAR TS LN R UGE e T MEAR s
TTHE > B FEE] NSEM ZRRT MACR TR - RIERAEEAS
FRREAR (B AR AR ) B B R AR B Y
BEREE R AT » DU T B BRI

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
TEIZER A HHZENIE - BEZR NSEM HUHEHESR (Precision) i
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
RGN BV T BN 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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0.98

0.97

0.96

0.95

0.94

093 I
092 NSEM

Diversity Stacking

Precision 0.974 0.975
M Recall 0.942 0.975
M F1-Score 0.958 0.975
M Accuracy 0.947 0.968

B 7. REFER(LERAAERER

&FFEAR

4

0.99
0.98
0.97
0.96
0.95
0.94
093
0.92

NSEM Diversity Stacking
Precision 0.991 0.992
M Recall 0.95 0.992
M F1-Score 0.97 0.992
M Accuracy 0.963 0.989

i 8. &EFTR(LERAAERGER

% 3. NSEM BRI RILE

RERBIAE
NSEM Diversity Stacking
Precision 0.974 0.975
Recall 0.942 0.975
F1-Score 0.958 0.975
Accuracy 0.947 0.968
ERETE
NSEM Diversity Stacking
Precision 0.991 0.992
Recall 0.950 0.992
F1-Score 0.970 0.992
Accuracy 0.963 0.989
h - SRR EE

Aptgeiet — SRR BB DI s
HITERIMERE - WEBEEEA RIFHR A2 TA  PREH TN
TR EAIE - HIEREERETN LR - R TR
iy B > (ERRH R T RS « BEEL - RAVE
BRI E f e » Horp DR ACERYEE N IEAIMERYEE &
STERR EUR ERIRE - (RN EEER T > BBEAE
JF BB BB ANAH & - (E SRR E R B -

FhA BB SRR I ERERE R NSEM Ebik - 5%
BURBHFEHR 2 SRR SRR B IR A S TR AR AR AT
il NSEM » iR HE M REST A BRI T SRR R A TEUHI

]

B

T

o

FEAWTFERTIR AN B P EEIER 99%H AL
[ > LR FIER A & TSRy 25 - (B B ERATEA
BB R E RS BRI IS - ISR
TR BEE N EARKBEE LI - HLEEH
RIFTEFIHTRCR > FERE M BRI S RE A HATHIRCR
FEARACHINTFE 1 75 B R B B S AR A Y ] S

FEEEREEE RS ERENENFIE SRR TR
BEIFOMIMERE - HEF B AT R b SRR —EAREE
ILHES—WESHEERTTE  RILAMZER H 2 ZHe 1S
FRERB AN - SASe A S R M TR R AR (5
REIE SRR HETE S RES A R FURIMERE - TIATIIET %
BF st SRR NETTE  E RSB IERESTA
WO HAER » RN FE o A] DU S B 2 A P B E B TR
PERE 2 [R5 L 1T B B TESG  ACHIT FE SR RS2 TR AR
HREETF > FEENEEN S EMNE A B R -

BEAh > BLEERER B IFD\ A FE2E ( Federated Learning )
AR AZ B E BB - & VRSSO S (R AHIER T
DURTHERE R SR e M - BB T AV E R E TR
B —TlIRGE R BV TR > TR ER B AL S
TTAHGNSREL S BT S B TN - B SREELIR BB A - FER
AT LLRE AR AHIITSE ©
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