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A Study on the Work—time Estimation for Block Erections Using Stacking

Ensemble Learning

Hyukcheon Kwon'-Wonsun Ruy®'

Graduate School, Dept, of Naval Architecture & Ocean Engineering, Chungnam National University'
Dept, of Naval Architecture & Ocean Engineering, Chungnam National Universityz'T
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which permits unrestricted non—commercial use, distribution, and reproduction in any medium, provided the original work is properly cited,

The estimation of block erection work time at a dock is one of the important factors when establishing or managing the total

shipbuilding schedule, In order to predict the work time, it is a natural approach that the existing block erection data would

be used to solve the problem, Generally the work time per unit is the product of coefficient value, quantity, and product value,

Previously, the work time per unit is determined statistically by unit load data, However, we estimate the work time per unit

through work time coefficient value from series ships using machine learning, In machine learning, the outcome depends

mainly on how the training data is organized, Therefore, in this study, we use ‘Feature Engineering’ to determine which

one should be used as features, and to check their influence on the result, In order to get the coefficient value of each block,

we try to solve this problem through the Ensemble learning methods which is actively used nowadays, Among the many

techniques of Ensemble learning, the final model is constructed by Stacking Ensemble techniques, consisting of the existing

Ensemble models (Decision Tree, Random Forest, Gradient Boost, Square Loss Gradient Boost, XG Boost), and the accuracy

is maximized by selecting three candidates among all models, Finally, the results of this study are verified by the predicted

total work time for one ship among the same series,

Keywords : Ensemble learning technique(J&E SHs 71H), Block erection work—time(E&2 EZH Al%), Decision tree method(2JA 2%

Eg|), Feature engineering(EX £& &8l
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2.1 tlojele] =4

B Al% 0152 Slsl AR ZMLo] 2 &
OEIE AIBXICH R HlolEISS AR 2Tt ZSEN AlS
= Ayster) 2doiM WBS, B2, BN, 25, AR, AE'@Act,
EMIC, B4 o, BYUY, o9, HEAY, A A2

ez & 13719 8‘50| ZEXRYCE 047]A WB =3
et gloof 22¢| 2o

E/\-III:Iio 7(|-0-|0| XEE

Hde MEsin, 0|2 J|uez JME Ax 24 N #2 A AZE ofFH 2L 7I°'5I01 R or °FA01I g
M okHCt Baek et al.(1999)2 =5 sH2| FolH=FsIE It J|Fckn moislod £ d=g :rLM°" o ®e| AIFct st
Afelatoto| Sa|AEIS Jlidkst 0|2 0|2510 B UXS WBS, 33, &, MIF, AdActe| 49 352 3o 2lsiA
TRIShs U2 MARICE Lee & Kim (1995) 33 A= &HA| ZNE = AE 2ol o, 22 g=0| E5E Uer gle
oM 3 &7|2} 7[=2 Klele| al2r 2 Tist &M 2 HE 35 Kot MQ Fct T2 MERl MA SEEM AT
T2 JtsdE SYHCL J8Lt 2t 22 ¢TER2 MERt = tlolef= 258 Alset 2%, 24 &, Al 40l &X HoI—
+E FHoPA LI Y™ S FEsP| /g T THFolAM HolH H SSE Ales LHA] Ml 52| Zolcth & A7oMe=
9| ALt M58 Je{si Adsiez Qe HElcks =TS AREA| sl A== HEE HEeiin M 22
CHHo| Uct vHd, =M ZololM= o X|eh R 200l A 29 Aol 2l Z™=Q| Wzl F =S FHAM He
Table 1 Organization of block erection work-time data
WBS Pr. Pro. | Type | Detail | Act | Pr. code | Pr. name | Qty. Unit App. Qty. | Work time | Pr. value | Coef. value
FAE4A | E28P2 K 4A 000 100 | HK211 setting block EA SH421 2.0 12.9 14.7 0.4
FAE4A | E28S2 K 4A 000 100 | HK211 setting block EA SH421 2.0 12.9 14.7 0.4
FAE4A | G14P2 | K 4A 000 100 | HK211 setting block EA SH421 2.0 25.7 14.7 0.9
FAF4B | E2852 K 4B 000 100 | HK31 mount | mount M MH410 53.0 57.3 0.7 1.7
FAF43 | 44150 P 43 000 100 | HK511 | airtest | TK Qty. | EA MH410 1.0 16.9 14.5 1.2
FAF43 | 44250 P 43 000 100 | HK511 | airtest | TK Qty. | EA MH410 1.0 17.5 14.5 1.2
FAF43 | 44350 P 43 000 100 | HK511 | airtest | TK Qty. | EA MH410 1.0 17.5 14.5 1.2
FAF43 | 44450 P 43 000 100 | HK511 | airtest | TK Qty. | EA MH410 1.0 17.5 14.5 1.2
FAFA3 | 44550 P 43 000 100 | HK511 | airtest | TK Qty. | EA MH410 1.0 17.5 14.5 1.2
(Pr.(product), Pro.(process), Qty.(quantity), App.(application), Coef.(coefficient))
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0, ZEHMoz EM =2 10742 TMECh Table 12
HZ Hlo|Eol| EXjsh= gRET HES

CHEAGD A AlZoll= gtol gi7| 2ol w2 7|YsKl= &
Uct ChEeE 2 ATFoM ARSE 3% Mg 24
A(LNG), B(CNTR), C(COT)Z Hds|oq,
Table 22} 2t

Table 2 Organization of training data

A B C
No. of features and label 11 11 11
Instances 900 857 428

Z} tllolefe| A 27| cl=n{ CoMo| Z< Hlo[H2of of

o 4
CIE S S| HlsiA Bot T ol HX| e 2 el

LS= A i

2.2 Codification

2 ool 5N 3=

o o

=2 A=O0[He| SEMA MR ZRIZ
O|R0{H Yo, Table 12 EH WBSHEE X4 Lido
O|27|71x| BE EM H0[E{e] MEE0| Yofet Ate| =§t
L= S22 EEch ABEoME 22X Oz 2Re 5
7| 2ol EXE A2 HEH A7 Fofof st=H|, 0|E
Codificationo|2} $lch CREoZ 7|AIsh50lM= ol 23t
o ERE 28t EF(Classification) 2E I} H&xol & of

£ & 5= Qe =17 2M(Regression) 20| U=, AlS gt

Table 3 Example of codification

Raw data Codification data
A 0
B 1
C 2
D 3

2le| Table 3oll= 7282l Codification2| 2iE LIELITD
Ao, ES} ZO| A Z= EXER 022, B 2AE 2=
EAER 12 #Ekg AlFAZCE olof w2} sksoll ALt BS| 2At
7t ofd ozt 12} Zo| M= 3t AKSO| ChAl 7[AHEk52| HlolH
2 M=t Codification 7S 0l&3) Z3E oE & toll=
raw dataE B8t A7l T shaol| MEstn #HatE 22 olH
S 2Hsio] oS ZtE &S} 2 AdAFoMe UM 2dZ
U AHH 27 2ol ofd 37 #M ZHo|22 ZIES

Decodificationg &3l CiA| 2AIZ HFYZE 27} gich

2.3 Feature Engineering

= AT0IME HlolBlE 245l 2ERE Y g5ES
2Lt =415 Co|Efofl A

ARZIS0| HEheh = Qs S S5S0f deeilt Ex & 5

30
kl
i<}
i
0%
ol
ol
AT
1>
_oi

S 2|iM Feature engineering= At
3l0f M &F9 ALB0{RE #ABsIAL FCt Feature
engineering0|2h 2| M55 =0|7] flsiAf =il 2l2dgt
HolHE 2HE2| flsi FoI7l 7| Hio[H 25 SME 71335t
0 WMskE IPHE oolsict &, OE ARBE = 8is 7|E
o| HIO|EE2 shgol|of Mt L0 Z HEt AF|= By o
2 Myg 4= 9lch 2 oA70l|M Feature engineering2| EHHS
2 CiEo 22 5 78] g4 E AR &, PCA(Principal

Component Analysis)= DAFHe| 2XE MR ZXZ X
7| W oz BN smES| ZH IR ¢ES Tel, ol
SolM &= Zie] 7 MEE gl & £ s 22|Folct
(Hotelling, 1933). J12{L} PCA= tkrs| EM8H gtEE59| 52
TE HChiIFE Aol ofd2)l odztEl S=ES| IR S £F
3lod 27| 7|22 MAllF= MTolch F, ofHst s=ES
ARESh=X(of ot A St 4%

24 g
HEE2 15| §1 SY S5S0ez UERAE 2A5P|

= o™
mzoll Zujo| e £ JksMol Uk wEtM PCARL

Table 4 Eigenvalues for each column according to PCA

Column A series B series C series
WBS 5788.65 4256.88 949.73
Pr. 648.23 873.87 584.31
Pro. 166.91 192.97 179.22
Details 6.28 11.86 417
Act 2.88 3.34 3.29
Pr. code 1.48 2.05 0.70
Pr. name 0.87 0.56 0.56
Quantity 0.48 0.47 0.19
Unit 0.25 0.34 0.16
App. 0.18 0.16 0.02
Table 42 PCAE Saofl €= 2 SME =9 17 a2
LIERHZ Qlch 2 ATFolM = 12} 22 S=ES Helsh |2
SIICE mEM A, BeMo| 49 &4 o, ST, tel, A
EATE Melsid, Cai2 SHRAE 7IX| M2l sk SWE,
Decision tree= 0F 7ts%F &lE2| &etg MAMsh= Lz
Zo2 MNSE RASoM 8o ZeTrb Liekfer|
(Rokach & Maimon, 2005), MEtS ZAMsk=H UM 2 A
S TR SFE2 tree?| 71 SIFE0| fIXISH =0 Bt
U2 S5k 2 S552 tree?| Y 220 fIxIsAHL, Al
X|of ARBEX| %= FE EXSict O2|10 Decision trees

2

PCASt CtA| 54 et=wet of2t HETIK| 2H 12{510]
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Table 5 Whether to use each column according to decision

tree
Column A series B series C series
WBS 0 0 0
Pr. 0 0 0
Pro. 0 0 -
Details 0 0 0
Act 0 0 0
Pr. code 0 0 0
Pr. name - - -
Quantity 0 0 @)
Unit 0 0 0
App. 0 - -

Table 5= 2t A1 Decision treeﬁoﬂ Al—‘PLEIKI o2 ste

=S LIEfd oz, AsMe| A
HE A7t AZEIR| Biotrt. D+ |“+°§ C;*J
 HE AR S IWFABER| B2 AS 2ol & = qlch
7oA ARBEIE lo[E o £4 &Ee

02 ﬂII
_\,“J_

1=

u ]

!
1 og
FM

£
fol
I'Z_

o| &

[}

S| 2

[}2tM H|0|E{E2 Feature engineering2|

=
X
of% Zuzte| H|WE sHE X

cOlE S0l BIHA Kix| R 48 JRIT 9

Fig. 1 Example of decision tree

Fig. 12 CEMe| Decision tree2| &
A3t ot A2 Ho|Efe| HSE sl HEkst
[e]

o
oiCh WBSEE| 22l Mg, E=2 ZMZT

LS
2 5o
a

offet gtez AYEEAE 50._|

2ol ofAl2 0.3052] Al £42 oIFsk=t 2

ZSRTE B8 & F Uk 0|E SsliiM JBoMe=
| gt2 Yahk=d| oM 7HY 2 dE2 olx|
beh = Aen ARBEX| ALt dE=do| M2 M
2 HCh g = ot ESHoSFE BE A el AR
= WBSet £=0| EMfjst1 RU20d, 0|HoZ SEEAM A
Hlolef= WBSeE E=0| J1& £Q8t dekg sk AS
& = QUAC

Jo oy |0 ook
i

e

3. Ensemble Learning2 £3t &4 Al
o=

3.1 Ensemble Learner

= AN EAIFE oFsP| fs T7(HE BE=2
Ensemble YIS MEHSICE Ensemble ZHS ALESH= 0|F=
sk REH FCiMo| EAfjstn ofE ci shg mHlo| MEkst
X 25 HAESP| HAHEZ| MEolch F, shte| weak
learner2 ZnlE Hsk= 20| o2} 042 weak learnergEe
4ot xghoto] & dulEs TEAICI & = Uk =5t
Ensemble 222 Cl2 G kg ZHO| disiAM £8 =0t

TEEAF| 2 &g 2-=Hl, 0l Binomial distribution2
2 Midst o 9lct thel DED) Fnsemble RHIQ| 2%} 52
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5|
b .
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ES
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|
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Zh ol EG'%QI 22X HEE p(2
nl M, Ensemble Z&
nsembleg TMst=
ol 20 Ag =
Ho| gt 4= ofA0|
2iA] p7}+ 0.52C} 2T
o| 2x} EHCt o2
nsemble 222 oML AZ3H =0 044
weak learners2 =gteto AUE o|Fstal ofof w2} ot =t
& 2o dlsiAM ofE 2*tgo| E0{EA =t 0|E13._F
Ensemble ZHol= 0i3f EF7I U=, 2 AFoM= =
M| 7| S ARS3ICt &M 2 Bagging2 HIOIEIE %"J =
%3}.0:‘ 7_‘l- EEE-IIQ Sl-ﬁ A|7:| 7=1J__l|,§ le;”gl: l:ll-t:HOl[_I._ l_-[ 1
EHM Clo|E{2RE F2RI2 52 F&510] H0[HE F&5t1,
Z% Hlo|ef7t 2Fe| 2 EEto| Elct. of AlelollA

2 sl
E‘%% k5 Al7|1 of & BiES TAISI O Znjz ZYE
MAMSICE ol2{8 WAlS Bootstrap aggregating0 |2l F2c},
O|2{st UHH S ABSh= OlF= kSt 2ot tie=el 7|A st
&0l M7l 2F= =2 Hekbias)22 QIfh BpAxF

(underfitting), == Z4Kvariance)2 @I58t 2} X gHoverfitting)
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Training
Data
I

| MO(:el 1

| Model 1 || Mose]l |

eje(] 3unso,

| Prediction 1 | | Prediction 2 | | Prediction n |

Predicted
Decision

Fig. 2 Stacking ensemble algorithm overview

Learning Classifier |
% sample 1 {AlgorlthmH 1 i
i Learning Classifier ) |
Sample 2 -[ H 1
Algorithm
T- Learning C|a55|f|er E Learning
raining Sample 3 | h "™ Algorith
Data Algorithm gorl m
i - T /" Predicted
earning assifier ] \  Decision
% sample N {Algonthm H ]
Bagging
Learning Classme Weight
| Sample 1 {Algorlthm H }[ Update
Sample 2 Learning Classmer Weight
D P Algorithm Update
L Classifi Weight
Dat ; earning a55| ier eig
ate * Sample 3 ’[Algonthm Update
Learning Classifier Decision
» Sample N '[AIgorithmH N

Boosting

Fig. 3 Bagging & Boosting ensemble algorithm overview
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ot 53l BaggIHQBI 49 2t MEoM LRt Z2ItE dE9|
HOe= FAsK| 2ol ot Metg mlek 4= UCKBreiman,
1996). EMZ, Boosting2 WUF7| o2 2HE ol Esk=d|
E3l=/0f 20i, Bagging=t S5
X|2h 7EBRIE Fo{gich= xO|HO0| UCKSchapire, 1990).
BaggingO| W2 sk55h= UHH, Boosting® TAMMOZ 5t5%
AlZIEL skgol B Uiz Zalo| w2t J1E%(7t A2 =
o, 2ol tisl =2 7t5X|E Foiotn HHo| F2 IIEXIE
Foispr| 2ol 2E0 H= &E & £ UA =1, Bagging
off vlshAM MEEoF =A LIER-IX2E O8HE £0] g outlier)o|
ek | 3ict OlX|EteZ Fig. 2= Stacking ensemble =]
JEoZ EHS JOZ, Stacking2 A2 CIE REHE
] o M=g & 2E S MAMSIC} StackingZE!
|-OI-_T|_E_|§2 _—l.LA-Iol- 2 OIOD;I 0| .|3|. xSk
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Square ErrorE Foict Cl2oz 2 7oA AlgsH YT2|=
=2 ck21} Zc} Decision tree?t Bagging2l CHEE{Ql Q
FOo= 02] Decision tree2 TAE0{, MEZg ofz] ¥ Fol Zt
DHls skEAIA ZIE AAISHE Random forest(Breiman,
2001), Boosting2| Gradient boosting(Breiman, 1997)Z}
Square loss gradient boosting J2|3 #2 JFE Eofn ok
X A= XG boosting, & CH 7ol L2|ES ARSFCE

Table 6 Single ensemble model error of ship A

A series RZZ'EVZ/ (;rrl:o:m:aete MSE

Model Train Test Train Test

Decision 0.00% 3.41% 0.0000 | 0.0140

Square 0.711% 1.18% 0.0095 | 0.0122

Gradient 0.71% 1.20% 0.0095 | 0.0121 |

Random 0.50% 0.07% 0.0149 | 0.0207
XG 0.82% 0.33% 0.0103 | 0.0135
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Table 7 Single ensemble model error of ship B

Table 9 Stacking ensemble model error of ship A

B series RSIZIEV;N Oerrl:o?r?:te MSE
Model Train Test Train Test
Decision 0.00% 0.02% 0.0000 | 0.0141
Square 0.04% 1.50% 0.0076 | 0.0135
Gradient 0.04% 1.50% 0.0076 | 0.0135
Random 0.04% 1.70% 0.0161 0.0215
XG 0.40% 1.43% 0.0086 | 0.0145

Table 8 Single ensemble model error of ship C

Ship work time

C series Relative error rate MSE
Model Train Test Train Test
Decision 0.00% 1.71% 0.0000 | o0.0107
Square 0.01% 0.24% 0.0024 | 0.0203
Gradient 0.01% 0.15% 0.0024 | 0.0207
Random 0.15% 0.13% 0.0098 | 0.0193

XG 0.24% 0.74% 0.0034 | 0.0201

2| Table 6, 7, 82 Zt A, B, C M2l ekl Ensemble €11
2|&2l o] =0l M AZJX )
X2 (ship work time relative error rate)0|2t 0| =5 Al Zfz}
=2, ZMH Zks ciAl J5 F Osh Aol 2Xg=, oFE 5
SEA Al ot target SSEM AlFel 22 H|wSt g
ct. 2| Table =2 Z1E S35HM Decision tree2| A< Train
error7t 00f =Eok=0| gl MHM2Z Test errorZt 2
£ leni, ol= ZXEe| &0l 7| 2ol MEkst
7t& ot=dl oSS Eef & 5= UCt w2l A Mo
2 e S ZA[2 LHX| £ SMojlA £2 ZotE o
1= 71& 22 gne|Eolz2lns Jeke 4= gict oF
7|AIERE0l MEst|of of 7| o
2k Stacking

o
2
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rroor .

b om ot

orr x ox U
=2
0= T
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§

r|r ru

i

F=1OKA} k= A2 Stacking
F|ol CHEE Hekslo] 2
§F StOAF giCh C7A| Stacking ensemble?| sH5
DUES MME f i ZYS 0| ARZSIX|TH 2 o170fA
oziE zl2slP| fIaiM T Ensemble 2ES CHA|
Stacking ensemble 22 FASIICE ESH 2t ok H|0|E{of|
M £2 Z2E e g1e2|E0| Cl222 ARSSt
Ensemble 2EES1} Decision tree, & CHA 71| &1z
=gt & Jiel ZTE d|wsl 22U
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me o
ol
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Combination Train Test
XG Decision | Random 0.46% 1.44%
XG Decision | Square 0.51% 1.65%
XG Decision | Gradient 0.51% 1.65%
XG Random | Square 0.70% 0.70%
XG Random | Gradient 0.70% 0.70%
XG Square | Gradient 0.75% 0.91%
Decision | Square | Gradient 0.47% 1.94%
Decision | Square Random 0.42% 1.73%
Decision | Random | Gradient 0.42% 1.72%
Random Square | Gradient 0.66% 0.99%

Table 10 Stacking ensemble model MSE of ship A

Combination Train_MSE | Test_MSE
XG Decision | Random 0.0051 0.0112
XG Decision | Square 0.0044 0.0094
XG Decision | Gradient | 0.0044 0.0094
XG Random Square 0.0105 0.0139
XG Random | Gradient | 0.0105 0.0139
XG Square | Gradient 0.0097 0.0125
I Decision | Square | Gradient 0.0042 0.0091 I
Decision | Square Random 0.0048 0.0107
Decision | Random | Gradient 0.0048 0.0107
Random | Square | Gradient 0.0102 0.0134

Table 9, 102 A 9| Stacking ensemble 0l|20]0{, Table
= XA SE2ER Al ge| 2XI8E, Table 102 Mean Square
Errore| Zxo|ct 2ol M5E H|Wsl| fIsiA Mean Square
Test Errorg 7|Z22 H|WslH, ASMe| AR 718 £2 o
2HE-2 Table 60f|lM =2l & 4= 2U=0| Gradient boostZ 0.0121
©| Mean Square Errorg Zk=Cl IS Stacking ensemble2
Decision tree, Square loss gradient boosting, Gradient
boosting Z=&te| 70| 0.00912 715 £2 Ho=z 0l =(Act,

Table 11 Stacking ensemble model error of ship B

Combination Train Test

XG Decision | Random 0.19% 0.99%
XG Decision | Square 0.26% 0.95%
XG Decision | Gradient 0.60% 0.95%
XG Random Square 0.32% 1.46%
XG Random | Gradient 0.32% 1.49%
XG Square | Gradient 0.40% 1.45%
Decision | Square | Gradient 0.26% 0.98%
Decision | Square Random 0.19% 1.02%
Decision | Random | Gradient 0.19% 0.99%
Random | Square | Gradient 0.32% 1.46%
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Table 12 Stacking ensemble model MSE of ship B

Combination Train_MSE | Test_MSE
XG Decision | Random 0.0048 0.0117
XG Decision | Square 0.0036 0.0106
XG Decision | Gradient 0.0036 0.0106
XG Random | Square 0.0093 0.0144
XG Random | Gradient 0.0093 0.0144
XG Square | Gradient 0.0079 0.0137
[ Decision [ Square | Gradient | 0.0034 | 0.0105 |
Decision | Square Random 0.0045 0.0115
Decision | Random | Gradient 0.0045 0.0115
Random | Square | Gradient | 0.0090 0.0142
Table 11, 12= B2M2| Stacking ensemble oil2] Ztolod,
Cil 2 = 7R 45 RH2 Table 72| 5 S35l Square

loss gradient boostingZt Gradient boosting0| =&lst 0.0135
e 7IEIct st V1R 245 T2 ASAM I DRDX]
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WD RAck CEMollM 7HY 551 ci
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Table 15 Stacking ensemble model error with Feature
engineering of ship A

2 Decision tree?} Square loss gradient boosting, Gradient Combination
boosting0| Zgfo| 0.01052] g0l TZ5H= 24e EeIYCh Decision  |_2ecision | Square | Gradient
Train Test
} , 0.0039 0.0107
Table 13 Stacking ensemble model error of ship C —
— X Combination
Combination Train Test —
XG Decision Random
XG Decision | Random 0.12% 0.90% PCA .
— Train Test
XG Decision | Square 0.08% 0.87%
— , 0.0050 0.0133
XG Decision | Gradient 0.08% 0.85%
XG Random | Square 0.12% 0.37% Table 16 Stack o el i Feat
able acking ensemble model error wi eature
XG Random | Gradient 0.12% 0.37% . g. .
engineering of ship B
XG Square | Gradient 0.08% 0.40% —
— - Combination
Decision | Square | Gradient 0.00% 0.64% N XG Decision Gradient
Decision | Square | Random 0.05% 0.71% Decision -
Train Test
31 1 ) o)
Decision | Random | Gradient 0.05% 0.71% 0.0030 00133
[ Random | Squere | Gradient | 0.05% | 0.19% | —
combination
PCA Decision Square Gradient
Table 14 Stacking ensemble model MSE of ship C Train Test
Combination Train_MSE | Test_MSE 0.0028 0.0122
[ XG | Decision | Random | 0.0024 | 0.0111 |
XG Decision | Square 0.0013 0.0127 Table 17 Stacking ensemble model error with Feature
XG Decision | Gradient 0.0013 0.0127 engineering of ship C
XG Random Square 0.0041 0.0174 Combination
XG Random | Gradient 0.0041 0.0173 Decisi XG Decision Gradient
ecision
XG Square | Gradient 0.0027 0.0201 Train Test
Decision | Square | Gradient 0.0011 0.0130 0.0017 0.0078
Decision | Square Random 0.0021 0.0113 Combination
Decision | Random | Gradient 0.0021 0.0113 PCA Decision Square Gradient
Random | Square | Gradient 0.0037 0.0177 Train Test
0.0019 0.0107
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Table 15 §&{ Table 177}Kl= Zt&MQ| Feature engineering
2 HME$H H|0|EIE Stacking ensemble®| 21t & VIR ER =
St o2 gk2 LIERf Qlck Zxfe| H|WE= Mean Square
Error2 ZIHICH ASMe| A= slols) 2 JIEH £2
errorl 0.00910] HIGHAM Feature engineerings A &¢t Aol
0.01072} 0.01332Z Xfo|7} LT LIEMt HE &l & £
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Group 249 raw predict error rate
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