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ABSTRACT

Reducing traffic accident severity is an effective approach to improve road
safety. To decrease traffic severity, there are many passive safety systems like
safety belts, airbags, brake assist systems and so on. In recent years, building
models to predict traffic accident severity is also the subject that many
researchers focus on. There are a lot of machine learning and deep learning
approaches instead of statistical methods. They can get higher accuracy and
faster calculate speed. It needs large datasets to train the model, but there is
usually an imbalanced data problem in the datasets. Therefore, it must
preprocess these sets.

This study divides the traffic accident severity into three levels: death,
injury, and non-injury. It is a multi-class classification problem. We collect data
from Tainan open datasets and utilize over-sampling and under-sampling
methods to resample the imbalanced data. To implement the resample process,
we apply SMOTE and Cluster Centroid algorithms separately. We apply two
classification models based on the ensemble learning to train the model. This
study uses Random Forest and Catboost to execute the two ensemble learning
methods. The research results denote that these two models have more than
97.69% and 86.84% accuracy separately in the under-sampling and
over-sampling datasets. This result can apply in autonomous vehicles in the
future or provide related apartments some suggestions for making the decision.

Key Words : Traffic accident severity, imbalanced data, machine learning,
ensemble method
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Top 10 global causes of deaths, 2016

Deaths (millions)

Ischaemic heart disease
Stroke
Chronic obstructive pulmaonary disease

Lower respiratory infections

Alzheimer disease and other dementias
Cause Group
Trachea, bronchus, lung cancers
Communicable, matemal, negnatal

Diabetes mellitus and nutritional conditions

Road injury

Noncommunicablediseases

Diarrhoeal diseases Injuries

Tuberculosis
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Machine Learning Algorithms
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N
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f&] Fr 2k : Tommy (2018)
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Y !

Initial weight:
equivalent

Weight 1 for Training set Classifier | Result 1

Weight 2 for Training set Classifier 2 Result 2

—_— .
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Classifier L

Weighted-sum

Weight L for Training set Result L
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TSR R LB (R R ITR) - FRE AR Ry JEEs A e
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N, features N, features N, features N, features
e e e e
TREE #1 TREE #2 TREE #3 TREE #4
CLASS C CLASS D CLASS B CLASS C

| MAJORITY VOTING |

| FINALCLASS

B 6 FEtEFRmRER ©
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3.4 Catboost

CatBoost & {55 280 7] Yandex 1 2017 FEFrBAZERY bR #2825 6 - HA
fEEAH Y Category (Categorical Features » ZH7H47) BoostGradient Boosting » f5E#E
T+ BRI R TR BB 2R B HEZY - W] DR s pR B A By 43 JE TR - &
CUHE R IRIRAER » TEECRTRIERE -

227 Catboost EfF (https://catboost.ai/) HY[EIZRAMLEREA :

+e ® +eo ot +
- n S m .
First Tree Second Tree N Tree

7 Catboost ;R=EE

7T N ARRL BRI RERER LA - B EFIRIEMETEIIRTE S - e EEEA R
TN A S BRI A TR » AR BRI A] - S 2 A Ry - & 7 1Y
RS B —EUEEER - MGETTIEIE - MRS RTE SN B A iRE - HE
55 N FUSHIHE & A i/ NIYER 2 » Catboost EARMRERAZRY A/ MG TS AR REE - 1fi
R AIEARBR IR S0 JE G SRl IR E - 19 IR/ BERE R -

PREER T — T DIRETE KRR SR B RIE - R FE I 2 R AU A 53 B R [ml R R
A - PIANFERRAH - HEREIEE ~ T - EH-RERIES - I HBCRREY - BEFREEREARE
BB B RN PR BB RN R] - s A DU A A B A AR F R RIS SR - HAHRA
T A SR S DL Ry B T D225 Dorogush et al. 2+ Prokhorenkova et al. * 3275 T
= o

HER R EERIRE R - 1 B RS2 AT ERAN S » ARSI R A
P WS IIIEN - A] DL python IS - FFES » B HEREL
PR AR A T 1) » e R A EER - A A GPU Ji -

RIAIFFE 3% T P S B T A B » (KT ELAREE & (5 FH I boosting HTH LA SRS T4
¥ ORISR ISR R T -

3.5 RXEERE
5 UL By T B BB D BB AT — R R B R
WO T T RE @ SO SR B BB ROR L - DR BT DR
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WF » WHIRE GBI ETHINETHIBEREE - KA s RIS A 18 7 Rk R B A ke
)53 ReilIBR DU R Bl - PRI Z K938 L i 3 159 AR 300 80 At —2RBI Al 1S
B S RIS R - R B R AR R B 2 BE B R Y -

—RME - R X715 43k LU T %4 © Holdout Cross Validation + Leave-one-out
Cross Validation ~ K-fold Cross Validation 55 » ¢ 5 FIf Ry K-fold CV » g2 AR efrf
FHRYAE S BEEE 73 » GG Ry K P38 S Bs » BRIAEE - (it el 5 S50 - AN
FHHE AR 4 SRy SR AENRR - SEAE I FREY 1 3283 - 43 RIHETT 5 R S E RS
GHERE R e - BOLASRAYSEES - A 8 FivR -

All Data

Training data Test data

Foldl || Fold2 || Fold3 | Fold4 | Fold5 |\

Split 1 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

Spiit2 | Fold1 | Fold2 | Fold3  Fold4 | Fold5

> Finding Parameters

split3 | Fold1 } Fold2 || Fold3 || Fold 4 \ Fold 5

Spiit4 | Fold1 | Fold2 | Fold3 | Fold4  Fold5

Spiit5 | Fold1 | Fold2 | Fold3 | Fold4 | Fold5

Final evaluation { Test data
[E FrAkJE : Pedregosa et al. (2011)
8 RXNEEEREERE"

AWFFESEHE BRI By T5%IBREELUR: 25% IEREE - Hrhilllskee 2 Ll 10 Frigch bl
BEECE - BERRER R 10 47 > R 9 1 AFIRRELR: 1 01 E R BRasATEoR) -
AEA TR RS - AR FBRAS R R A 2 HECE - DUKE SR AERIRGR
% > FERABHESE PR GEEA 2B B EoRD - MBS A THIGE
57 o
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3.6 1REGTEIRE

A (confusion matrix) SCRITHE R BN » 2 — R FAERE 2 3RAy v E TR - A
[REES (Supervised) SREMYRAIGEAL L e EFE2 50 B FIVCACHERE (matching matrix) 2K

e
il

RIFREMER A FR H EA SR SRS S AR - v LS ERERME—LEts
Rt EREERYRE R o JRIEREME ] DL SRS o B R PRI AS SR AV B TR 4 i 2 - DUERTE =
R S TR EC SR I L B R B S B R B TR 0 T P AR T RN E A
FEREISFRORTHMIE - 7R3 FARR ErRs 7R YERE RIS - DUT Ry B REE AR
i

TP (True Positive) : HFZIEH] - THERIER] -

FN (False Negative) : B2 1EH] - FEE &AW -

FP (False Positive) : EFZ AR » THHIRIER] -

TN (True Negative) : HEZZEH] - FHHTR & B -

DIFtE SBRRE IR 1 -

® 1 REMEER

TEH Ry 1E TEH R &
JF 4G Ry 1E TP FN
Yy == FP TN

FIFHREPREHRHEAR - nIIEA R A g s - REALUT IR
(1) IEHESR (Accuracy) : (TP+TN)/(TP+TN+FN+FP) » HIf% Sz B B FHHIE 75 Bl B S SR —
B AIAVE ZYRRERE - PRI B RS R — 2y EL ] -
(2) F& =R (Precision) : TP/(FP+TP) » fEFRHIIFTA SR » %2 IERETHIIFY LEH -
(3) AEIE (Recall) : TP/(TP+FEN) » fEEBERIERIIENLT » B 2 IERETHRIF LS -
(4) F-measure : SO Fy F-Score » SEHERESRRI RIS MEARITAL - PRI & S A4S
1o 3BV ¢ (2 * Precision * Recall)/( Precision + Recall) o

i)
i

g - o
4.1 BERRIR

AW FZ R TR BUR P BABIZEHE (https:/data.tainan.gov.tw/) ik B 354
MrEE R - HER RS S35 S B IS 2 R TR et < BIIGE L - =R
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B R SR O B T — ([ HSEA S5 » 2R TIYBAGE R (open data) DUSH
FIBIRCE RIS - P PR 5 - DR ER B B0 e EE AR
FERR A S A TEIE A BARTHEECE N, - Al R —EREIRE V5 - SRR BRI SEE
SO BRE RS TR RCR MRS - A8 A BRI e s P Sk pa Rl Al -

A s A RO - BRGNS E T - M TRk EtE
o Ry MRS - BRI R RGO R R EBE G R - —E2 B
Fo BGOSR - — MR ESEALER EMEE - DUN 2RI AR RICER A

4.1.1 EFHERXBERERESTHE

BEFR ROk BT R A THER, - S0 R SR ~ 3828 HAT ~ S A ] ~ AR
REEE ~ SRR ~ HARAEAY ~ HbES ~ SEC B 2R R ~ R - JEERAIRE ~ 3K
fE ~ BREEHEAE « SO R AURE  BERNTAINR - EEFFE T - AW EE e ER s
PR e BB R A F ~ A IRrf] ~ stlh ~ KM~ IR - BRI - SREEHERE - HEIA
WEFIIRISS > 108 SEATREET RIS - B> 645 16000 5 -

412 EMHERZBENESFERDHET

B BRRASH AR O AN, KB BIE R R EEE AR - BIFE -
EHE RIS - BRI B R R BRI
PRE-FAE ~ EHE TR A B R - 2R R R
PR~ PREESEHHAAE ~ RN TR AR - ARBTERT L R R A A
HEMR ~ e RBIARE-BE 2RSS KRR A i SRR
WU ERE LS8 - DL 108 SRR T EORIZRE - — 34T 89865 SHETHY -

42 BHER

R 3.1 T RIREZOR R python #EHTEHA BB B EA KR pandas SR A
GHIGESBE - B RRUR RIS R SRR MR B R T &0 - MG
EIRE DR HEA - MRRB AR BRI E R - EHEEEE R
HEVEREAL - R HE TR DS B EHET R ORI R RS
TR R AET T LL S DURL BT » ff% PR BR 52 —JL 3 T 88708 SEAEA -

FLRES S R R S S rAC SR S AR I S R [0 BE IR - BEARAC
SREEA - (RN E A SRR K O SR BRI B AR - ATRE sk
PSRRI » YRR IR RO T B » [RIELA 50 BBk - f
MRS S BB L K 2% Al-Ghamdi 7 » IR BE RIS by 10 AR - 35k
LR © BREEE  HUEE - ORI HAR BRI - B 1T SRS
Lk~ A GRHEERE) ~ Ik LRl HARI 25 AR » MRS B 2 -

—290—



PR TGTAREL Y FETAR 8 EHR ERZ M

x2 SRR
BT B R 44T T s
Aty month A9 1 R 1~12
R time LA/INRFE By B 0~24
i 1
KR weather [a 2
55 3
SR speed A9 R S 0~100
B 1
£ e road type BBy 2
HiAth 3
et 1
(TR RIBEE 2
BEREARA sign ﬁi%ﬁ%ﬁ@%ﬁxgﬁﬁ 3
POaEsE 4
B . TR R . (GE ) 1
RERTRANETR location OB N EL ) 2
RHH 1
eI 2
FTEREE 3
R 4
R T A Bk 5
e 7
TA -~ T’EBEE 8
S () 9
JE ERit s Hoph % 10
PRI gender iiii .
i age RE R EFTA RS T 1~117
/N R N 1
e 2
HifE vehicle TFA 3
oAl A H AT~ S 4
EEIE =)
B 1
E Qi injury 215
Rl 3
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43 FEERBORE
FRSEC AT S LTRSS + {5 8 b + FU 230 ERIEL - 57556
ERy2th > 30922 FERRZM - ANlE 9 Fror -
60000
50000
40000
30000
20000

10000

L s

9 EELHISH

FH Rl ] DU H =R R A g AR EE B A2 IR R SR B R
T A E R AR R BB ARSI AL TR - HARAHRS AR AT RE & nI DRI 3 7%
SBHIRAR SIS - (BRI R - IR R Bean S0 H AR 2 iR IR SR PR B
/ME > B DGR ET TR B - B E SRR A R NI T AIEF TR - IR L 2
TABER M —Lepa BE - (RIS AR n] DU S5 2 — RO IR -

4.3.1 "IF# (Under Sampling)

TEHE /KBRS (Under Sampling) H9:545 » $%FH Leisch *® fi#2HY Cluster Centroid (42
RO THONER) » FEZBURERRIY TR - KRB 32 2 H AR 2 K& R h AN EE RN
B o 7% Cluster Centroid H1 » i B M3 AL SRR AN B 73 Ry EE AT A B LAY
B -

T (Cluster) 2 —HMETEAVEE 57k - BRI R h @ R 2 BoEr S B
ES AT H R AR R - T DRI L - EREIZ BRSO R - BREER
GERER AR R e Ry 2 i N AR - B R R P DA AR R 2 R R A
A PEAEERBA SR ELE] - MIBR AR E A - EEE v DAE A BB BRI
DL HIBR AR 26 R B EERRRAS » (15 RN5E i) DA fly

SER AR - e —(EE R 50 ERF R » 2000 fEEEEERA - AIlfEEE
T MR Cluster Centroid HYERERE T » RILUEEL 50 SR - WAHIE 50 SRk mEARE
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#2000 fEERTERA - DUE 50 fERESRAY TR NAERAS - MHIRRFL AR AN B AR -
(AR MR P B v ] DAY
NHELAE 10 sRaR SR L E R - w] DUEE R B AL B AR -

Linear SVC with y=Counter({2: 4674, 1: 262, 0: 64}) Resampling using RandomUnderSampler
4 L]
3
L3 '0
2 2 ® ° ° ° '. o
® ° ‘\
% S
) o0
, 1 ° ™ ° e Ye , of
.
e ° " hd % ° ° o L]
. ° ° o2 %, ©
0 % o * o o 3%
° ° ‘i ° ° -]
-2 ° L
. e % e §@% e
e © .o
©
3o
oa® © Dp d
-4 2 R
]
o (o]
-3
6 o

FrakiE © Lemaitre et al. (2017)
10 ZREREE "

10 7e53 Ry MR PR BRIV ER} - W DB LR IR 2 - SmE R R DU ik
TATERL - AR ERAER - S ORERHERIINFRIR S - (R LR R HHEH
JFHIIEERE » BLUZ Cluster Centroid IYREAHRES + ASHFFE B imblearn pfzURE 7 HEIHITY
BT R IR E R -

4.3.2 B¥F#$ (Over Sampling)

{ERR B ERAR (Over Sampling) FYHELST - HF6EH & A BOBURERER BT (SMOTE,
Synthetic Minority Oversampling Technique) » & Chawla et al. % i AR HSE S
(Random Over Sampling) JERIER—FHUGE /7% » R FERSE I PRI AR R AR R
W SR BEREAR » B Sy AR A& (Over Fitting) AYRRE » RIS AR |
FYE AR FARRE H BTAYERAS » W BiRE A R AITERRIRE ST - DUBER dhit ey R2 S-ERHA -
#1 e PR ) — 1ok R2=0.99 F3EIERRR - 5 v HE S RERRE H RinVEUE - AR E R} -
AR Y AT RERRYS A NEA S FERR H PR 2R U - SR Pasn B s S - FRDAAITE A ER
FHRERGBERERRY ST » REGE IR 4 -

1 SMOTE J#EAR BA AR E B D B E A T/ AT AR IR D B N L& 00T
BEASFTG R BRI R » EEEAGER » R AR IR, - SR1% PP RE IR A+ - HETS
BB - SR EFTHIREA - FIERESIIIREAR S - AARTS2E 6 ] imblearn pf=RE ™ #iA
Over Sampling FYE/F—SMOTE » SREFEHBHET T V-l pREE -
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FEARLAE 11 2effEsi -

Synthetic Minority Oversampling Technique

| o
LB T LBl T L T
R E E=m nRE E=m EE Ny Em
|
® om .lll-'. ¢ o Spnn l'. '..I ST LLL
® JuEEmEENC LI .......Il.
e HEpg ® oo iln ® 20 ilpn
] ® [ ] u o 2 o-¢® u o o oe0® o
O P ol o0 om
° 0090 ‘X
® [ 2 0e®
@ @ o
Original Dataset Generating Samples Resampled Dataset

B FrakiE © Charfaoui (2019)

11 SMOTE ;xEB BV

MRIZIE 11 FR > /e Ry RAARTERMRRE - 10 SMOTE Ryf a5 B AR R
EEE CORBCK IS rEE - SRR RERRE - Ry IO B — AR - MAE D BRA
ZIAIG G A TR 2eE1SER LIV - ] DU A 52 i Ry 37 T 5 AR AR
Dl > AT FE R T iR BE LT EDR) - SR Y B AE AT Sy R AR T A R A R AL -

5~ #ERES

5.1 ;RiEERE

RRHTEERA BRI AR A O RLE oh - MBS HTHIRE ST Roln] - THIAAE SR Rl E
RIS - JRAGE PFRAVEREI 88708 52 - Hirbr 230 FEIELC ~ 57556 S35
30922 R - FEHEIREGEIEL - FESERT 172668 2 - — R Ry 57556 & -
Y153 5% LB 25% G - BRI Er i A 129501 SEFIIRR ~ 43167 SEHIES > kg1 E]
43167 FEFHHFER - 40k 12 Frox -

fErfd ] DURPIREA - AR PSS SRR B R A IR A S 2 CR - SRER
S S R S R - MEAE P BRI RIS » AE M AR R A W T
ZEERGIR Rt - BRREFRI LR A5z o BT HY S b i B B 52 0 i B -
SELC - AR AT DATH TSR YENE -

P RIRBAIER T » FIIF Cluster Centroid YR ERERIE TR - #52 BAUEAMIER - 1
FFR 690 FEEH} - HrbC ~ 265 ~ RZGE R 230 5 - WYTETRy 75%RREE LR HIE
5 0 iDL 517 S RlIBRDL R 28 XU » 173 Sk ERAER} - LTRSS AN 13 -
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Accidnets Severity Confusion Matrix

Accidnets Severity Confusion Matrix

death death

2 2
o o
; injury ; injury
g g
= =
nothing nathing
& & & & & <
Predicted label Predicted label
Catboost Random Forest
@ 4 N=E
12 BIREZIRE R
Accidnets Severity Confusion Matrix Accidnets Severity Confusion Matrix
death
3 3
o ]
o Miury -
2 g
[= =
nothing nothing
© S Pl & &
& 6&""* (5;:\“\ @ & (p\‘.\
Predicted label Predicted label
Catboost

Random Forest

13 R ZREERE

PCRERH H R - RN I SRR AL BRI B R T | B NS
R BIRSECRIMEE - R YERE - 28 ] DIEETERIERE - ForrEmallRrmige -
AR

RIREER R E5E — MO I S IER B - MEAIB SR -
DA TR ATAE - R B BRI FR - AR 3 -
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*3 FEDSEMRR

Accuracy Precision Recall F-measure
Catboost 89.95% 90.74% 89.95% 89.97%
Over Rand
Sampling andom 86.849% 87.99% 86.85% 86.9%
Forest
Catboost 98.84% 98.8% 98.84% 98.84%
Under Rand
Sampling andom 97.69% 97.64% 97.6% 97.6%
Forest

RIAHTSE R 26 7057 FERTRE - RIFLAER TR 2 Te 35 By - HEH R0k 3.6 B4
fift » KUgH] 53 Ky B (Macro) ~ fif#l(Micro)i& MfdEE TR T2 » HH Accuracy HYEHH Ry il
HIETE » JRETE A HERS T o BURE TR T B T - DA AR (FRIIERERY) R 1
LA R HISE N by iR » SREH s i HE R S - BE = Wi G oo EnE B
FEIE] ©

HER =85 SRR A EERG FEEI o JRBIRE SRR 43 SR AE e B DA D 2 H L S
£ LR Catboost (9 Precision ZRAHERHH » Precision HYEM Ry EFTH THHME » [EHE
THHIEI LR - DISETIERERB » 13583/(13583+269+34) W15 0.95675 » FySb U KIRIREHE
- [FIRRRY T EHEZ G LU R R ZAGHIETE » 43 BIAT15 0.81084 F10.95459 » ffakiltt =18
Sy EUNRENG LSS - AR %3k 3 A 23HRY 90.74% » BB ERIEY—E K HE -

DAL 7 iR E e T R g EEAZ FETY Precision ~ Recall » F-measure » % HU—1#SE35H
] DL R FRET  ERSSZEMEARI R E » S BIEML o (HRANIZEER
R T AP IR aIpE R - [RIFLTER ST E T2 SR AT AU E TR
FERINS - SEEIRTEIIRE

5.2 BB EHEEEIRZRE

AR AR ANE R AL SRR BE R PR AR B REYEE T 2H  E BB DU RAENT
% > AIDIEAERFHEEE LR (Feature importance) » REIERAERIRI T - P ELARPET OBz
SUEHB E N - HEREE SIS L B I B AR B - A2
RESBHCARERIE BAR - RERCA 5 1 ERLE R R R LU BRTERY - 1] 14 FRoiiir
RAVEDRE T P AR R RS AR

FEFRFFEEREAET - WKL S KBTI - AT DURIIREARIE R LA A O
R PE E B2 - WRLERIE AR R LA f i » ARSI 14 - SRR MR AL B ek
Tl B FE A 2 2 5 B RIS B i 1 - Catboost HZUZ FHA- ek 21
BT S B EEAZSL - 1T Random Forest HEFFEE A AVRF U B AL HHGIEA T - that2 &
AT BT AR TR - MBI p [FI AR BT 2 R W (AR AL A iy Y 4 B
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ZIRFRE T FORBR T EERYAN RIS - AR S AR MR 2 A B SR i L - (H
IR R AR A RE AR B R B rh Y B SRR - R R R R R e T e
A SHIER G S TS

vehicle vehicle I—
age age I
gender speed IEE_G
time gender I
month time
roadtype month |l
reason sign |
location reason
sign weather il
speed roadtype i
weather location
Catboost Random Forest
14 BEREZERSHEERE
PR R BRI U R AT - 2008 15 -
vehicle I vehicle I—
gender I weather I
weather I location |[I—
location [ gender [N
roadtype il reason |l
reason [l speed
signil roadtype |l
age @ agell
speed il signll
timell timel
month i month|
Catboost Random Forest

15 REFKZREGHBREEE

FHEE 15 RERBZFFEERFRRE - WH R R B - LIS A E S W&
FHEE R 7k > BRI - SRR H e e B AR - R PR P e AN (R 2R TR
R ERR - BIREHEN - NEEENSEH - BUEBUEEA - B - A2
PREEHY M - KA ETHI SRR o - s B B E e XS Ty fe B LR 1L

PRV A BRI T TR R R - Ak 4 -
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x4 BEEBEESERER

ZORRE | SV ! 2 3 4 5
e Catboost | il B e REZD
vV

Sampling | Random | 8 i3 PRI | g

Catboost | il PR K Mg | EESERA

Under

Sampling | Random | sy K, o2 PRI | AESHIEIA

K 4 PN RN RE R - | i RO 2 T KE EAVFF L KL REHE
AILUE IR AT A BRAUARER - N B R R Tk - AR i B BRI - TR R
AU - RGBT~ FAERRAE R E BRI R IR - M KR~ HEREAR,
PR R o AN AR HER BRI - FoRE —ETHI SO E R
Tk AISEN - A EIRRERAFMEER - NSRERREN AN - EEVREE
HLEFFIIAES -

KEBFFE ABBTART A A IR FERIREE A2 IR B Rl -
FTRER R AT R IR ERARHEIRREIRF 2 BEURR AR - WEARFFIRERVERMRRE - (EESEC L
B2 (SR B IR 2K FEMIBRAVEAE D - Al REEREENERE 2 AER) - SR
RIFEER AN - HRERE A B BRA Z P S B - IRIPE B R il & B iR
FITANE] » B T o nT RERTRE » AR W] AR AIEAIERAR - 5 W AN [F] HOER AT A ok
R nREE A EIF A TEHIZSE -

AT e SRS RAN G S PR B KR - SRR A S R R AR B A B
SUSBRUAE SRR MY - RERH A S IR R A RIS R - PSR IR Rk i =0y
ANFEMAEL

N FEAmELERR

AE R IAE B Er B - B PH HHTH 2 - BEELUR
FEAERIEAT ARG MR - KRB Lg% - arRES A A A L R RRE R et -
JEREFTHE AN RIS BUREIRE » 2RO B 8 BB Y S PR DURCTRI - A REE
THHES AR Z 2 > ARWTFERIE A THI R B AR T TR -

HIFH SR TR A PR MR BRI » 175 R B R ER T R AP Rl
KHFERE T - SECI R — E L BB 2GRN RS - i3 ERora e Fagg
SRFNRAEAY - R —E S Y RRGE R T RGBT T IR - RIS A A SR
CEH0 AT EAR R Rk DU R BRAGE SRR 5051k A SMOTE LUK Cluster
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Centroid FAfEEIETHIREIRY /5% » BN IRMARYBIEHE TEI A - (HEEG TR
1R - BRI R EIIR A REfE H B R 2R RS A i AR AR 3 -
A BIF 5% Fir 58 FH A A5 28 R K I i A £ B % (Ensemble) HUHS 28 B2 E B AU » 93 71l Ky
Random Forest 1 Catboost » §ij# ks Bagging FYZEH » $23& BIl )k Boosting BYZE(H » {H[AIFEER
s VN AR W55 FEE R g JERS - SRS FHIIRE ST mT DAL B TR U 2k ey
IFRZ » HAPHRERG R DL B AR AR T LU & H RS B R LA HBA BRI - BB
HB BB E IS S A BRI S DL T e FERCERERY HE e » A Bl R AR
ifii Catboost {HEEAEETRER DU KA - HABRY 7 8 # LL Random Forest 2KHY
I - TR ERER S T o BT R R FE RS AR AR AR 3% » TERERBRPAKTHS 1% /245 » (HEH
/N . HERNER LAVEIER R [KERE LB S LG B e ik
AYE 3 FER ZEMER 1% - BEREFTRGHETHM] - nlRETE U JH B E— DIyl -
MR AR R Rl 12 B SRR A B - IS el SR HE AR OGS S T - AT 2 i
HUASR B R AR AR R A i B R, - TEBERERAIARANR S - e —EHEN
BT ERERERAIEET » RREREENFZER T -
T A SRR ER S N E R o 2R AT DRI FH PERR A i S i i EE AR - 24 IR A H]— 4Lk
FERARYEE RSN & P IR BN T — 265347 - W B P RTREFT S AR YRR » B2 e
HEEEGTE N A E RN T2 IR E AR - TS B E M 2 HE S # A ST THE %Y -
AFFEER FH RS A [RIRERAR 57 DA S B A B AR AR » SR A2 i S e B8 MR R TR S
F 85%LL FAGHERVREIR - RAH] LI AV B RS ¢
(1) BRI EIRIEREE TR AN E R T PR - UG A R DL S R R R A B A 1]
DAIRIRF A 26 SRR IR AN TR A HHIRN ADBOE R IR A Tl R -

(2) FE FH AR /33 » B2 A1 Stacking RYBE S G 26 B o3 FERE NG /8 37 B g (g T
R - B PR R SR A M A TR AL R

(3) FE A B REAY R EI TTER - DR HEE AT EEACRRES - A T2 P, - ISR
PEEE - Hm) - REERSEEER - HREFEEEASEHIRN -

ZENR
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