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[Abstract]

Based on the problem of 'Tatanic — Machine Leaming from Disaster’, a representative competition of
Kaggle that presents challenges related to data science and solves them, we want to see how data
preprocessing and model construction affect prediction accuracy and score. We compare and analyze the
features by selecting seven top-ranked solutions with high scores, except when using redundant models
or ensemble techniques. It was confirmed that most of the pretreatment has unique and differentiated
characteristics, and although the pretreatment process was almost the same, there were differences in
scores depending on the type of model. The comparative analysis study in this paper is expected to
help participants in the kaggle competition and data science beginners by understanding the

characteristics and analysis flow of the preprocessing methods of the top score participants.
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I. Introduction

7N={Kaggle)> 20109 AR o52d 2 &4 dig]
SAE0R 719 A DAfA HlolEfet siARAIE 555t
W glo]E WsiAbz0] o] F siiAshe RS /st 31
SHAI Hd1]. 7129 diel fddle SurAd AR R4,
718} AR R3ol ot AerARl ZR f@oll= Featur
ed’, ‘Research’, ‘Getting Started’, ‘Playground’ 47}X]
7} it} o] & ‘Getting Started & 7Pg Aol7] #& of
8 9@o2 tlole] wlo] YR AT o|8AES %
ths]o]cH2]. “Getting Started” thalE A|&A 02 RIgL]
H, A sfidof] T B4 FOIAIR] o=t o] & 7ME
CjEAQl )7} ‘Titanic - Machine Learning from
Disaster o]t}
‘Titanic - Machine Learning from Disaster = E}0]
Bus A2 AIS SRl e ARk Eoleids
o g5 5719 olF, uo] gE, APAA AS 54
tlo|ElE &-&sto] ‘oj BRo] AlgEo] AEL 7HsA
o] o o=y ehs AR Yok olE 29E A5
g} 20224 89 102 71% 14,398€l0] zlojgion, o
tjele] B et At A oSt 579 bl
(g0l
2 AolM = EfolERe tilY] A9 A4 AP HAkEol A
det Ads EGIZ HlojE AXE] HAl} Aleid 25
WS vlwsto] BEA} o5 e eof o I
OR|=A] &RlstAL gt i AES 7|vhe s s7iA e
2 5 2 Q= AlE 449 public leaderboard(37) =2lH
HE)9] public score(z7&84)E 7|1&202 519t At
APL 2le] Hxje) 9 99 25 1PYS A3 2570 7
g itz Sallick o Al 0.7% o) Ads
2 A £ 2} APdel e o] uelso] 28] A
NS 9P, A PaeiEo e shio] 2ok
AL Aottt £ =Roilt Tl BYE A8 39
o ulwsh] Bj2o] ole] RYe BPKoR AUsh A
2 7142 AFSSIAL SR ojilely 2 711l
9wt vt ofele) Alelsteict. ZupoR 15 44t
259 % ARt vlalelg Belo] 7|we Qalat 7219 A
gg Neisto] 7} 950 £A1S vl Al A8
dye)5e ;M x| A E(RandomForest), QJAFARUE
(Decision Tree), MLP(Multi-Layer Perceptron), Light
GBM, GradientBoosting, CatBoosto|t}. HEE2
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oT
2= 20224 89 6Y 71F 1955HE 75057HK|o|H,
public score(37184)9] 2x= 0.81818HFH 0.79186

AR OF 4J9] 5.6% St £ olE Ante @ 9l

Table 1. Selected Kernel
. . . Public Score
index Title Algorithm e E—
Titanic KNN 0.81818
@ 2.0 KNN (195/1.36%)
80.861%
with
RF+Mean 0.80861
b encoding+s | andomForest 5310 319)
ayesianOpti
mization
c notebookdéf Decision Tree 0.80622
’ e1ff5cb (340/2.36%)
0.80143
d. MLP (469/3.25%)
Titanic . 0.79904
| competition LightGBM (524/3.63%)
¢ titanic 1 Gradient 0.79186
anie_1- Boosting (703/4.88%)
Prophet 0.79186
g. Titanic CatBoost (730/5.07%)

2 =79 2 O3 2ot Al 270lA = Elolepd
tig]ofl A A5k EllolEfAle] 7] featureo] Tifsl] AT
skl Al o Me A7det AdE =2 AIeishe HjolE] AlZ}
g}, feature engineeringd} Z-2 A&|A Q1 glo]E] & &2
agof| tisll o2t Al AgollAe 7719 = EFOA A
|5 Z17F g da2E&Eo gis gordy, 7 749
AXe] IS viEtor duelEe] BEA o5 2Ans
Ul FASI} OpR|eto 2 AES A oA AlAgtt

II. Preliminaries

7i=2 Etolebd of3](Titanic - Machine Learning
from Disaster)ofAl+= o]&, o], JE, ALEAA 5+
S 22 o JEE ZPSHe train(EH)H| 0B}
test(A]&) Hlo]EAlS Al&Sict. train HloJHAlS E535t
270 tigh Al JEet BE o5 melste F 8914
o] 574 JH-Z AXEH. test TIOJEAIE train TJoJEA]

oA BE AEE FQISt 418719] Hlo|EE AA|stt.
train Ho[E|AlS FAgt oA A2 TJHHQ test g)o]
EjAllof] A-&sto] 574 4189 ABE =iy

& the]oflA AlEsh= train EﬂOlEk Table 20|14 B
ue} Z+o] 127119] feature® 0]F0]&{ )t ‘Passengerld’
+ Bpolefdso] &35 5459 1 Wo g Qujgith
‘Survived'= A2 A} 0|5 AMEQ] AIE ojH 2 (0O
AlYE 12 AEZ YERHTE 0]+ train Ho]E{of|et EXfjst
1 test HloEjoll= EA5IA] =T} ‘Pclass'= 57452
Ej7l Sa0lth 12 154, 2+ 254, 32 3543 UEY
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ol= = AR], #AAA A]Q(socioeconomic status,
ES)S <Julgtt}. ‘Name', ‘Sex', "Age = 2ZF $749] o]
% 4, Lolo|tt. 'SibSp'+= Sibling2} Spouse?] gdo]

2 57M0] Efolefd5o] sHet Aot uleAte] »~F 2ju)
st} ‘Parch’= Parents®} Children®] §4joj2 £780]
Efolefdmof syteh 229 xh40] &5 ojujgit). ot

297} ol Altat g olaiet 2% olol S-S parche)
Zro] 0o] Hct. ‘Ticket' 2 EJ7No] 1.8 Hs F are’ & EJZ]

o 84,
‘Embarked =
0 Ao

o 12 v

Southampton®] ‘S’ & 3319 g & §t 3Lof|x

‘Cabin’2 He 7Ado wisoloh
S740] Ejo|efd o0f SAg 5 LEY
Cherbourg® ‘C’, Queenstown?] ‘Q’,
EElsE

3780]

Table 2. Titanic Dataset

Table 4. Mapping Name title of Titanic KNN 2.0

M?I_Fi)tﬁ);ng Name Title
Mr Mr, Major, Col, Sir, Don, Jonkheer, Capt, Dona
Mrs Mrs, Lady, Countess
Miss Miss, Mlle, Mme, Ms
Dr Dr
Rev Rev

Value Definition
Passengerld Passenger's unigue number
Survived Survival
Pclass Ticket class
Name Passenger’s Name
Sex Passenger’s Sex
Age Passenger’s Age
SibSp Siblings and Spouses
Parch Parents and Children
Ticket Ticket Number
Fare Ticket Price
Cabin Cabin number
Embarked Port Information

E}OIE}U train, test To]E]= Z}7+ 3719] featureo]
17t &xjstct, 7357<]E 7‘130}5 o B0 1]

Uy

N
)
)-ll

RS %ﬂ dlole S

01%*711 HAeloHeR) Stelaic,

Table 3. Missing values of train and test data

Type Missing value Count (Percent)
Train Age 177 (19.87%)
Data Embarked 2 (0.22%)
Cabin 687 (77.10%)
Test Age 86 (20.57%)
Data Embarked 1 (0.24%)
Cabin 327 (78.23%)

III. The Proposed Scheme

1. Feature Engineering
a. ‘Titanic KNN 2.0'[3]/ KNN(K-Nearest Neighbor)
a-1. Age ZZR| OiA]

A5 Uo] AER]E R127] 9ste] HA 2789] o]
2of|A] 2709] 2Alo|(title)S 7Lrt 177]9] LAloj2
= oAl 719 title2 AZAAIZ] 3 BE&5stct 7t titledH U
ol9] FYuS ol Uol7t ZFAIQ 549 titleof] =
Uolgke A2t ‘title” feature= Uo]9] AZX|S AL
7] 9J} GHE ZlolA] R TYol AL feature7} of
Yoz A,

a-2. Family_Size

524 Woot i) 22 e Parch'et 543
AxAtoet Bh9AL 42 UERAE SibSp'E HA & 715

22 UJERJE featureQ! ‘Family_Size'2 Aj= §H=C}
a-2-1. Family_Survival

57459 dlo|El SSEA 2L A4S T, 2
232 A ARESO] HEolekn 958 4 otk dhck:
o] 7}550] P FAY L5 Aotk oM A 1S

A ABEo] st o ¥.E Q] feature® ARSI}
Family_Survival®] Z7]32 0.50.2 AJAlITE 7H&0] &
= AR A = JkE 149 R.59] ‘Survived 7t 009

r

Family_Survival-& 0.00] Et{, gt Hol2t: A&t 74
1.00] =t} 71&0] ofd 54T & &% e A2
2135 2 AJo] ofytetE 22 E7l a @%

51%3 Aleste Ade2 @A ofe “%

=

A xwo}q Famlly Sumvau JEE 7KL Qe 5
9] 2 = bh4pHolct,

a-3. FareBin & AgeBin

Fare Hlo]E]Q] ZUtor AFAE ARt & HlolH
25U J2E Sh) JH0E Ut) 832 A
oM 2 »2 FZIsksh Zlo]lag +AY Ho]Eo]7]
o 2 QIYe Al Age EFH Hlole
ez o) 7o U the 2k Q13
T}, 0]% Fared} Age feature:= AMA|SHC.

—_

a-4. Sex

Aol A (Male)2 002, ofX(Female)2 12 913
et

b. '80.861% with RF+Mean encoding+BayesianOpti
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mization'[4]/ HEZH A E(RandomForest)
b-1. EDA(Exploratory Data Analysis, &4 ¢o]g

a 17
A4
b-1-1. Name
5700] o] 20f|A titleTt T 7P & Z17t0] 44]0f
59 717t 1.90] 1S 7t & Ox|stct Table 51t Zbo]

0] 70|12 579 77ko2 Uy olge] Zolo] nje
B2 AIE o128 Fals) uge 1 olgo] Qo 4s
Z 7}5Ao] ZofxIth= 712 &Mol5tgirt

Table 5. Survival rate by Length of Name

Name Length Survival Rate

(11.999, 19.0] 0.220588

(19.0, 23.0] 0.301282

(23.0, 27.0] 0.319797

(27.0, 32.0] 0.442424

(32.0, 82.0] 0.674556
b-1-2. Sex

Efolefd o] F5et &
W 3702 06475872 Wy 2709] 471 o e A
& 4 QdooH “‘*‘Oﬂ TE AEEe Felgt 2y} o
2780] W4 AMESL (.742038, FAd B A
2 0. 188908010*11}

b-1-3. Age

Ageo]] ZEX|7} Q= glolHEe] HA Hégro] oF
0.293785 0], AZX|7} Q= Ho|E[Sa} ] 3
oF 10%7F FH2 BEES Bty AEA] X2 & 5] Al
ozl EMS Mast 4 9l 2 Age null flag featureZ
ghEo] ZARICH

b-1-4. FareE]719] Q7o e} 5749 E7l 539]
Zetd Zio)7] wiZol Faret Pclass Ho]& 9] —Eri% &
ol FARE Aol ol & ABE oFete 75
ot AA|Z, FareZ U o= U
Pclass ¥ ©57 #3129l Table 65 Qo 32 o @
o] 39.688 0|4} 512,329 Tlgto]sl 1520 sfedal
o] 146 o= 7} won| gFo] 10.5 0]etd ) 3
o siFsl= 570] & R27HoZ 355 4740 7P @

o] Fx3f e HE & & U

Table 6. Distribution of Pclass according to Fare

Fare/Pclass 1 2 3
(-0.001, 7.854] 6 6 167
(7.854, 10.5] 0 24 160
(10.5, 21.679] 0 80 92
(21.679, 39.688] 64 64 52
(39.688, 512.329] 146 10 20

b-1-7. Cabin

Cabing ZZX|7t oF 700712 T2 HolA|et 21 ¢tof
A 22T 4 e BEES0] ok UA], Cabin Letter
2t Z8A10] A WAl 2A1S 7HA-2 Zlo|th Cabin Letter9]
Z=o= A B C D, E F G T no] 9tk & HWHL
Cabin Numbero|t}. Cabin Letter Fof] 8+ Cabin
Numberg w2 mfoju Sdst 7482 37[9] :,L7}0§ L
T 3 olo] ME WP YELS AARS T 19997
28.6677FR] Al WAl J17H2 0.716418, o] 25 65.6677F
A & R L7E 0.651515, Opx]ekog 148.07HK|9] A
HRl 27H2 0.6417910]%ic}. Cabin Numbero]] TH2 A3

£go] £ 4X|2 Yoz A5} Hote 95t
=2 AR

b-1-8. Embarked

-
=
@
w

[

s C Q
Embaried

Fig. 1. Pclass distribution according to Embarked

'C(Cherbourg) oAl 33t AldE0] th2 AL
MzEgo] 20% AT =9ith Fig. 194 Pclass ¥
Embarked®] 222 SRIs|RYS ©f ‘Cold B3t AF
75 oAs ey Aol2tal o4t

b-2. feature engineering

b-2-1. Name_Title&Name_Len

£700] o] Zof|A] LAlof(title)E &8N ‘Name_Title’
2, 0|59 F Zolg F%4ll Name_Len'o]2l= 0]59]
feature=2 A7t

b-2-2. Age_Null_Flag

270 0]29] 2~Aloie} Pclass
Uolo] A5A|2 Alect.

b-2-3. Fam_Size

290 xhfe] 45 U Parchol @Fo oA}
9] £& UE= SipSps Z3ol Fam_Sizez ZAYTH
2, Fam_Size7} 00]H ‘solo’, 3x¥c} AAL Zod
‘Nuclear’, 1 o]AF& ‘big'olah A 711 WA Uy 1

Soks Mg,

8 Yolo] HFe 79}
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b-2-4. Ticket_Lett&Ticket_Len

A A9l Ticketo] & Zolg Eefsle] Az
‘Ticket_Lett'@} “Ticket_Len’ featureS THs0{&rh.

b-2-5. Cabin_Letter&Cabin_num

Cabin® o2 Sof "Al23 A Lnplesate] ez
o]f0]A 9Q)c}. Ticket_Letto} =AUt gl o g odmpdiut
2AE B85t Cabin_Letter, Cabin_num2 9HSo&
O 7SR RS SUT IR VY oz Uy
t}. oltff, NaN ZAEA] =2 A upls gojy] &5}

AP} ohd “an'olet 34} F&Eltd] ol ghe of
Al NaNo.2 ciFjsic,

b-2-6. Embarked

Embarked®] ZA&X|%= train Ho]E{AloA] 714} o]
UL 7kl 'S'2 giRitct.

c. ‘notebookd6felff5cb’[5]/ SJAFAA U (Decision
Tree).

EDA 17gofM= Hlol§9] s AEA], ol
ERQ) @ AMAA 0l MY E 305ttt feature engineering
g2 A B AEa FLsiA Aleieict

d. ‘temp_1'[6]/ MLP(Multi Layer Perceptron)

d-1. 25 4iA

do]§] A A&X]7F £A5H= ‘Embarked’, ‘Fare’, ‘Age’
off 247} 2RI, SY, sLUer AEA|E HAlR

d-2. Title

£710] o] BoA] sAlol(title)S &% 253 187)
9] pAlol5S & VA9 A2 Fol A2 features
utErh ‘Mr'e 0, MlSSt 1, ‘Mrs':s 2, J8]u

‘Master’, ‘Dr’, Rev' & UHZR| 440] HAl0]E2 30
= g3AIZI

d-3. Sex

JEo] I (Male)2 002, oXd(Female)2 12 ThA]|
S

d-4. Embarked

S PP 0, C AT 1,

d-5. Age & Fare

Age= OAl 1} 12A] ols}, 124] &k 204 ofs}, 204
Zat 404 ofs}, 404 2k 120A] oJst & 4719] HY=2
J248 ik, Fare 1729 olsh, 172 it 30
ols}, 302} &zt 10022 ofs}, 10022} £} 60022
ojst & 4719] W= et sty S 0, 1, 2, 322
Label Encoding[7]3tct.

Q e 22 g

d-6. Cabin
Jupsl+Ato] Fef2 ool Cabing] A A+ Uut
s1g 2A9h £2 & Aol hSARICE A 0, B

04, C=08 D=12 Ex16 Fx=2 'G=24
T'= 282 t2A)7lth. Cabine] ZAER|= UA Al

SAIR AEY SR giFlei.

d-7. Family_Size

B0} xp49] 5 U= Parch} At vl -At
9] 25 YUEUl= SipSpg Al M2+ feature2 437
gt

Fig. 2. correlation coefficient between features

d-8. Fig. 29} o] z|F Ho]§Al9] features I+ 4
WAE Felgich

e. ‘Titanic competition’[8]/ LightGBM

e-1. ZFA] G|

Ol §1f A2 train C|o]E|Qt test lolElE ZAget
JEfoA Alegettt. ARl Hlojee] AFR|Q] A
e Table 79+ 2t

Table 7. Value and percentage of missing values
for combined train and test data

Value NaNs Percent Type
Fare 1 0.08 float64
Embarked 2 0.15 object
Age 263 20.09 floaté4
Survived 418 31.93 floaté64
Cabin 1014 77.46 object

LightBGM 22 A/d & Exffst= FA| glol8 2 &8l
ol feature?] ZEA| 342 of|Fsto] tiAshe WHS A
elisict AZ&X|)7T ZR)5H= O 71X] feature & ‘Cabin’
< % HlolF 130971 % 1014740] AFX| =, AFX|Q] o]
ZAAQ] 70% ool WiZol ol 5kE 2ol ZEAIE UiA|
= Wdolle AgshA] Aoty s AlQsi.
‘Embarked’, ‘Fare’, ‘Age’, ‘Survived’ Y] 7]|9] feature
o] AZX|2 &5ty OjAsch 'Age’, 'Survived',
'Cabin' A 7}9] feature 2 ZAZEX|7} 10%0]A}0]7] Th=of

[e]]
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e E S B
e-2. Age Category
URel ol 52 el Ao UE e

Category= A8/dstct. of| 5 A WA &2A1e] o]
= 204011 52 Lprol 43HE ¢S 2ol 1. RS

U] Wz x84t
e-3. Ticket
“FAHRA O] HEJZ o] 20jA Ql= Ticket features

extol Atz BT BARBOIY AYls AEAL

‘without’ 02 xJ-&-c}.

f. ‘titanic_l_’[9]/ GradientBoosting
1. AEA} B goje A
7357<l7} co]B9] g2 F2-g AFX|sHL 9l ‘Cabin’,

‘Name', Ticket featureZ ”Kﬂi}q.

f-2. Age, Fare, Embarked 2
Pclass®} Sex(dd)o] o2 quO] =
7oz ABAIE hA3ICE Fare T3t ‘Age'e} £Us}

A Pelasse} ol e 93] FYROR AAXES

chAEIcE ‘Bmbarked = ZEAPH Aot W AR

orA AEAE At

Blo] A ALRS}A] eret

5 o

f-3. Sex

o] FM(Male)2 002, ojMd(Female)2 12 A
gt

f-4. Embarked

S PFE 0, °C P 1 Q FPE 22 dFi,

712 feature 0]Q]of ¢ o]Ar9] feature<
ABJSIR] QoL KIegiy.
g. ‘Prophet Titanic’[10]/ CatBoost

#7108

g-1. A5X] OiA]
‘Age’= A Uol9] Fokztog AEXE tiAGHL
‘Embarked’®} ‘Cabin’'€ U2 ZAZXS OjFstch

‘Fare'2 0.00.2 ZAZEX|S A}
g-2. Sex
g8 F/d(Male)>
gt
g-3. Embarked
S FgA=0, C FgH=1,
1-4. Cabin
A=0,B=1,C=2 D=3 E=4 F=5 66, T
+ 7, Uz 82 717} giAflit.
2749 feature AP 317 ek Flagtct.

002, ojX(Female)2 12 TfA|

Q e 22 GiFIg.

2. Delete Feature
77Hg 711,4% J_Exq oz AHZS_K]»% ]zs}g El:ﬂg 1:1]-
= O =20l EA] 9ot AHESHA] k2 featureg= A/

slo] 2% dloleisle AT,

Table 8. Features to delete

Index Delete Feature

Name, Passangerld, SibSp, Parch, Ticket, Cabin,
Embarked, Fare, Age

b. Name, Passangerld, SibSp, Parch, Ticket, Cabin

Name, Passangerld, SibSp, Parch, Ticket, Cabin,
Embarked, Fare, Age

a.

o

d. Age, Name, Fare, Ticket, Passengerld, SibSp
e. Age, CabinlLevel
f. Cabin, Name, Ticket, Age, Fare, Passengerld, SipSp
g. Name, Passengerld, Ticket
IV. Applied algorithm
1. Algorithm
o 2719 712 7S & 12 7 e B 2w
252 ARERE 71952 A tieoll Eare|E E3h 7

JpRlz chedt 2o

1.1 KNN(K-Nearest Neighbor)

o &35t To]E X7} FoRS M 7|E Holy & &
‘do] Bt K719 o] 22 WA A= wpAo|ct HoJgf X
S =2 K9] 7P 7Pk o1%= AL, o] % HlolE7t
7}7(1— u}o] A_aﬁ o]g E.__g__ = =3 oﬂzﬂoi 737(15}&
gare|Folot. Ko 3o @t KNN 2Jlo] o F5}=
A7F getR|Be AR Kats Ad7shiof eith11].

1.2 RandomForest

‘?j(ensemble methods) . FAdol
AU 27t B7HESS o5 QAP £oleth

o238y} train data®l test data® U0 2@ EF
St A= Fert gitks Aol Ados HRITH12].

in)
ol
==
)
N
=2
i Lo of

ol H

rlo

1.3 Decision Tree
E2(tree) 125 A}oﬁhl 7+ 2713
Pdel 44450] YRlshe whlolck. 2 271K
q _i\_ 12 XJERSH [LH, 5H% —}%\‘H
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1.4 MLP(Multi Layer Perceptron)
AA=(input Layer)dt £2Z(output Layer)C zgt
olzolx Qi MAERe] BAS ek IgAHYL

2 PS5 245 Atolo] 24%(hiddn Layer)S 714
A AdgelH14].

1.5 LightGBM

GB(Gradient Boosting)S 7|dto g &l= maele3
2, W2 o3 455 D glon] AUE, B ol
9 AFY 524 AWM B2 452 wolt Fuelx
oJTH{ 15].

1.6 GradientBoosting

ofct o & BHZ0] 2 FHIZ o5 2322 At
© amelzolct. A} spint Bado] B4Rl Jde

u
24, ofg] 7jo] o] FAR O 2 AL A%y
A 20| Qxjo] 715AIE Hojst Welz 24 dA5E

& 45}5lH A ahso] o] 2ol xItH16).

1.7 CatBoost

GradientBoosted Decision treeg 7|4tC2 5}H
25t= 9t decision tree MEZ} d&A0F JLEE=
HAO|EH17]. &Y featured] st X2, & GPU
H, o B ARG 50| 7hssitH18].

Hon

Hor |

Table 9. Hyperparameters by algorithm

Index | Algorithm Value

Index | Algorithm Value
Gradient . min_samples_split=20,
f. . min_samples_leaf=60, max_depth=3,
Boosting
max_features=7
loss_function='Logloss’,
eval_metric="Accuracy’, depth=4,
. t t - . .
9 Catboos 12_leaf_reg=1, iterations=150,
learning_rate=0.1

algorithm="auto’, leaf_size=26,
metric="minkowski’,

metric_params=None, n_jobs=1,
n_neighbors=6, p=2,
weights="uniform’

a. KNN

max_depth=8, n_estimators=905,
min_samples_split=14,
min_samples_leaf=1,
max_features=0.3964,
oob_score=True, random_state=42,
n_jobs=-1

Random
Forest

criterion="entropy’, max_depth= 9,
min_samples_split= 8,
max_features= 'auto’, splitter=
‘random’

Decision
Tree

BATCH_SIZE=16,
optimizer=torch.optim.SGD(model.pa
rameters(), 1r=0.01),
error=BCELoss(), EPOCHS=1000

d. MLP

subsample=0.9, num_leaves= 750,
n_jobs= -1, n_estimators= 2000,
min_split_gain=0.01,
min_child_samples=5, max_depth=5,
learning_rate=0.01, lambda_I2=0.1,
lambda_I1=0.1, feature_fraction=0.3,
bagging_seed=16,
bagging_fraction=0.7

e. LightGBM

2. Parameter setting according to algorithm
A|Ao] AutE =&517] Y5t stolmujztole A7 i}
A& Aldigtt). ZF | EoA A7t stolyuietu]& 9]
8. Table 99t 7t}
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O[EE Aoton ol iR A3l edflX= Randomized

Search& 2830t} = Bayesian Optimizationg £35f
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o] sfolmtetol|g M.

3. Prediction result score by algorithm

obdl Hlolel FA2I9) o] Wi Bofl A AR of
ojmmletolelo] wj2 LnelEE Elolerd gl 4 A
1= Table 102} Fig. 30fA ¥.= vle} 2T

Table 10. Results of Titanic competition public
scores by algorithms
Index Title Algorithm public score
a. Titanic KNN 2.0 KNN 0.81818
80.861% with
b RF+Mean . Random 0.80861
encoding+Bayesia Forest
nOptimization
C. notebookdéfe1ff5cb | Decision Tree 0.80622
d. temp_1 MLP 0.80143
e. Titanic LightGBM 0.79904
competition
f, titanic_1_ GradientBoos | 7914,
ting
g. Prophet Titanic Catboost 0.79186

0.825
0.82

0.815

0.785
0.78
0.775
a. b. &

Fig. 3. Results of Titanic competition public scores
by algorithms
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V. Conclusions
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