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{t2 Rkaggle?
Google:
Kaggle is a platform for predictive modelling and analytics
competitions in which statisticians and data miners compete to
produce the best models for predicting and describing the
datasets uploaded by companies and users.

« 1.Find a competition
. i The H f Data Sci
Forlearning ntlme o bela peios
 For prizes and points

2.Build your model

« 3.Submit your entry




Kagglemiit: https://lwww.kaggle.com

AIJEEEE:

— Getting Started
— Playground
LEZE2E8Y
- &%Business

FFiIRAIAI

EXFGZ

— Code: R, Python

— Data analysis and visualization
— Statistics



https://www.kaggle.com/

kanown target funcriorD hypothesis set
f: X =) H
(ideal credit approval formula) —
(set of candidate formula)
oo 224 1 l
MBFE3H]

learning

training examples algorithm

D: (X1,01)+ -+, (Xns YN)
(historical records in bank) 1

final hypothesis
g=T

| (earned’ formula to be used)
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Titanic: Machine Learning from Disaster
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B Getting Seurted Mediction Compeot

Titanic: Machine Learning from DiSaster
Start here! Predict survival on the Titanic and get familiar with ML basies

@ PotnaLesservouus =T

BB -
EAE -

tRIBemShE

Exploring Survival on the Titanic
Wy Tl

Introguction to Encambling, Stacking i Python

Titanic Data Science Sclutions
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— iHERIFAREIZRE 2P BERE IEIER %
i ERE (Oversampling ) F1 TR (Undersampllng)
SUES A SMOTE. Borderline-SMOTE. ADASYN
JI0AR

—5 % ( ERERRATFENHSR ) : One—class SVM

« UD{oTiskE?
- FIERHRE RS BILHIAREABRBIRIRT, SEREEENNEITTE
- FEIEREREIEEZPRIBRT, KRASIESHARAI
- ERHREEZ, EHTEEZ2BIEGIREBHRIBRT, S/ —IERE
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https://www.kaggle.com/c/titanic

Hitanic: Machine Learning from
Disaster

Start here! Predict survival on the Titanic and get familiar,
with ML basics

a Kaggle - 9,669 teams - 2 years to go

Qverview | Data | Kernels Discussion Leaderboard

Competition Data Edit

£ gender_submission.cs..:
& test.csv

== train.csv

train.csv oc ke

AnE. FNMFESEA T DR

]

| Pa&senqerlSurvived Pclass

OO R O R RPOROROPROSOPRRPPRROODODRE O

| D | E F | 6 | |
Name Sex Age SibSp Ticket
3 Braund, VW male 22 1 0 A/5 21171
1 Cumings, female 33 1 0 PC 17599
3 Heikkinen female 26 0 0 STON/O2
1 Futrelle, N female 35 1 0 113803
3 Allen, Mr. male 35 0 0 373450
3 Moran, M male 0 0 330877
1 McCarthy. male 54 0] 0] 17463
3 Palsson, h male 2 3 1 349909
3 Johnson, | female 27 0 2 347742
2 Nasser, M female 14 1 0 237736
3 Sandstron female 4 1 1 PP 9549
1 Bonnell, N female 58 0 0 113783
3 Saunderccmale 20 0 0 A/5, 2151
3 Anderssor male 39 1 5 347082
3 Vestrom, [female 14 0 0 350406
2 Hewlett, hfemale 55 0 0 248706
3 Rice, Mast male 2 4 1 382652
2 Williams, [ male 0 0 244373
3 Vander Pl female 31 1 0 345783
3 Masselma female 0 0 2649
2 Fynney, N male 35 0] 0 239865
2 Beesley, M male 34 0 0 248698
3 McGowan female 15 0 0 330923
1 Sloper, Mimale 28 0 0 113788
3 Palsson, N female g 3 1 349909
3 Asplund, ! female 38 1 5 347077
3 Emir, Mr. ' male 0 0 2631
1 Fortune, Nmale 19 3 2 19950
3 O'Dwyer, female 0] 0 330959
O\ i
R e ]
0 import numpy as np
import pandas as pd
vl T )

tent * pd.xsad cavi’, )

prany O INBSEEIEM:, train. shape, * BIREEIEM:*, vear. shape)

CIERRAMIN  ee, 1) MUCROIEME: (d1e, 11)

©

P -t 1 R odnlla g g F R P

full » troin. append( tezt , ignore_index * True )

prant

SFEMRIIRM:", Cull, shape

Fare

7.25

71.2833 C85

7.925

53.1 C123

8.05
8.4583

51.8625 E46

21.075

11.1333
30.0708
16.7 G6

26.55 C103

8.05
31.275
7.8542

16
29.125
13

18
7.225
26

13 D56

8.0292

355 A6

21.075

31.3875

7.225

263 C23C25C

7.8782



SLERREEE
( Pclass=1)

sz aw ERMIESRER

full. head ()

Age Cabin Embarked Fare Name

0 220 NaN S 72500 Braund, Mr. Owen Hams

E (EE) EaX
Passengerld ‘EHS
Survived  &EEFER (1=15F , 0=%ET")

Pclass ERFR (1=1548 ,
2=2%#8 , 3=3%#8 )

Name "2

Sex 1451

Age FiR

SibSp AL iR IB R E/ BB EL
(RAREZREEEL)

Parch R ERBEY/ T
(ABREEEREH )

Ticket AL =

Fare BRZEINTE

Cabin =iee

Embarked ZEfEEO
HES | S=RERTEM
Southampton
EEMAL : C=i%E E&mCherbourg
HAMR2 | Q=2/R= BT

Queenstown

SibSp 43 F RIKIEGREY/EIEE 2
(AREZEEN)

Parch M ERBE/FLE 1
(FARKEREFREEH)

— T J

( Pclass=2)

B/ MR 5 R T MR
RIS R ME M-
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full. describe()

Fi BREINtE

Parch

Age Fare

0

33.295479
std 14.413492 51.753668

min 0.170000 umnom

25% 21.000000 7.895800
50% 25.000000 14.454200
75% 39.000000 31.275000
max 80.000000 512.329200

Ql Q2 Q3
&) & @

25%

00 1308.000000 1309.000000

0.335027

ERRKEEIE

& FEG AL, FEESH
full. infol)

{class ’pandas. core. frame. DataFrame’ >

0865560 SUBSEYN © 178 RangeIndex: 1309 entries, O to 1308

2E : 7UE Data columns (total 12 columns):

i SIS Age 1046 non—null float64
0.000000 BBAES Cabin 295 non—null object
— EfRE O Enbarked 1307 non-null object

BREMN18Fare 1308 non—null float64

0.000000 22 Name 1309 non—null object
0000000 AEMCEZFEEPaxch 1309 non—null int64
REJREPassengerd 1309 non—null int64
BrpeEskPclass 1309 non—null int64

15l Sex 1309 non—null object
FECEZFZ=EE SibsSp 1308 non—null int64

HSFER Survived 891 non—null float6d

PEE=YREE Ticket 1309 non—null object

TF TOSUEH P FmsuH bR

dtypes: float64(3), int64(4), object(5)
memoxry usage: 122.8+ KB

B45 BB X E
Aspe=S (Cabin) B
BHIR 22295, it
ZT71309-
295=1014, &=
=1014/1309=77.5%
ﬁlﬁﬁi‘&iﬁ%iﬁﬁﬂﬂﬁ
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FATBERTRKRELTE
SRR TR EL IR
% ‘ ‘L‘w': BiR= 1;‘;} Hiﬂ l:';-‘*ﬁ,f‘
i b ; Qu%ejl:\?iowrf;:. Sotllctl;l.?“ '§on
i %E S M Charbours
s TR E
o B€

s ERETT (Embarked) : BEEFTHFIEH
HEMS : =R ERMZE W Southanpton
EEE1: c=£[FE EEMCherbourg
ZFaiS2: =FR= Bt HQueenstomn

232

full [’ Embarked’ ]. head()

== O
wvwviwva O w

Name: Embarked, dtype: object

LR

* DEMMNRKE, RINGREERTHSARLINGE:
S=§[§]ﬁ'§“§¢ﬁ50uthampton

33

full [ Embarked’] = full[’Embarked’].fillna( *§" )

BES (Age) l .

fulll’ Age’ ]=fulll’ Age’ . £illna( £ull[’ Age’ J.mean()
2R E S (Fave)

full['Fare’] = full[’ Fare’].fillna( fulll’ Fm:e’Tnean() )

© mETiEERE

ERHE S (Cabin) : BEBFEE BN

full[*Cabin’ ). head()
0 Nall
1 C85
2 Nal
3 C123
4 Nal

Name: Cabin, dtype: object

IR IEHL T E, S (Csbin) WK EET U, FTAKLE (Vknow
full[’Cabin'] = full[’Cabin’].fillnal *U" )
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- Feature Engineering is manually designing
what the input x’ s should be.
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FREE &S
One-hot4®ig

One—hot#R1Y

— AOAHAIEEPE A
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HERE AE AN Sy RBURIEFE K MR

HUEHEE Passeng RERE

erld
Age e
Fare BREMIR
SibSp AR SOSRIBIREL/EIREL
(ERERERER) va
Parch AR LERBE/TLHE F M RIFEMRET HEE
( Klﬂf‘ﬁﬁﬁﬁﬁ ) B (male) MREIEL, Zr (female) XTRI¥N{EO

sex_mapDict={’male’ :1,
*female’ :0} c
Enap EE: A SeriesTINNIEUH S w X7 T - E
sex=full [’ Sex’ ]. map (sex_mapDict)
sex. head ()

HOOOK

)
L
2
3
1
Ul

ame: Sex, dtype: intfd

19
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1" 191
‘ iiis12 g
~Eﬂ9 = e
:

; NewYork ~ : e
i " B LA - =58
L (Pclass=1) (Pclass=2) (Pclass=3)
s E L BN

full [ Embarked’ ]. head()
BEFE AT S G

0 S
1 o pclassDF = pd.DataFrame()
. s @ FiE
3 S #{EFHret dummies#iTone—hot&EE, FWEHE BPclass
pclassDF = pd. get_dummies( full[’Pclass’] , prefix='Pclass’ )
4 S
' > pclassDF. head ()
2F ARG AFE
embarkedDf = pd.DataFrame ()
#iEF et duaniesif {Tone-hot 55, FIEFEKEEnbarked Pciass_1 Pclass_2 Pclass_3
embarkedDf = pd. get_dumnies( fulll’Embarked’] , prefix='Embarked’ )
embarkedDf. head () 0 0 0 1
1 1 0 0
Embarked_C Embarked_Q Embarked_S
2 0 0 1
0 0 0 1 3 " 0 0
1 1 0 0 [4) One-hot . ) 2 ;
2 0 0 1
mhafs
3 0 0
4 0 0 1

20
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fulll *Name' ].head()

o Braund, ¥r. Owen Harriz
1 Cumangs, Mzz. John Bradley (Florence Briggs Th...
2 Heikkinen, Miegs. Laina
3 Futrelle, Mrs. Jacques Heath (Lily May Peel)
4 Allen, Mr. Willian Henxy
Nane: Name, dtype: object

HiERE = 2
TE) -
namel= ‘tUraunc, Mr. Owen Harris’

FFSE =, 3k

23, Owen Harris
6 stril=namel.split( *." )[1]

L.
e str2=strl.split( *." ) [0]

Bxtrap () TGEAR T EIRETTB 4L EEELIFNT (R AZR)
stxI=atrl stxip!

— gy ey 000

zumm anssmss @)

def getTitla(name):
strl=name. split( ’',’ )[1] #2Kr. Owen Harris
str2=strl.aplit( .’ ) [0)axr
Fstrap() TERE TRRFEFELEEENFT (RUNTE)
strd=atr2. strip()
return stxd

LB TG FIT e
tatleDf = pd.DataFramel()

Inap@H: M Series S INETHGRXFIEH FE
titleDf [ Title’] = fulll’Nane’ . nap(getTitle)
tatleDf. head()

Title
0 Mr
1 Mrs
2 Miss
3 Mrs
4 M

2R E P ARTET O EN AR H T
title_mapDict = {

“Officer”,
“Officer”’,
“Officer”,
“Royalty”,
“Royalty”,
“Royalty”
“Officer”,
“Officer”,
:"Royalty”,
"Royalty”,
“Mxs",
“Miss",
“Mxs",

N

“Mxs
“Mizs,
“Mastex”,
“Royalty”

’
2

Rnap B Ser:ex @I HEMF LT XEEH T
titleDf ['Title’] = titleDf[’Title’].nap(title_mapDict)

2z ot dusnias i Prone—ho tiREH
titleDf = pd. get_duamies (titleDf " Tatls"1)

titleDf. head()
Master Miss Mr Mrs Officer Royalty
0 0 0 1 0 0 0
1 1} o 0 1 0 0
2 0 1 0 0 0 0

21
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full[’Cabin’ ]. head()

U
C85
u
C123
i}
Name: Cabin, dtype: object

a0

EBRIEE :
2H1, 282 BYE

¥ TXELEEE: HFAEN
sum = lanbda a,b. a+b

¥ W sund@dy
print ("FBIOGHIES : °, sum(10,20))

EEEEETEE
cabinDf = pd. DataFrame()

THSOEHEEETS, M.
CEG HENEI R EC

fulll *Cabin” ) = fuldl *Codin’ J.mep( lashds ¢ = cfc] ) c

22405 re t_umniec i IF one-hot LT Bt
cabinhf = nd.ul hm.\u( mu( a.m) pu{u = "Cabin’ )

cabinD?, head ()

Cabin_ A Cabin 8 Cabin C Cabin D Cabin € Cabin F Cabin G Cabin T Cabin_U

1} 0 4} 0 0 0 0 [} 1

o

1

& v N = o

[} 0
0 1
[} 0
[ 1

o o ©o o
© o o o
o o o o
o o o o
©o © o o
e o o o

Iy

FKEZ

HlZ =X

(ZE)

SibSp  RA_LIKIBIAREY/ECEEL 2
(ERERZ=EL)

Parch A LERBE/FLE 1
(FAEKERFEES)

ST ENGE
familyDf = pd.DataFrame()

E

FRAM-FIREFFERA (Puch) PRAEREFFERE (sibsp) +FEEC
(EhFEEESCHERERAN—, FiLAxE M)

EER)

familyDf[ *FamilySize® ] = fulll "Parch’ ] + fulll *SibSp’” ] +1

REEEH:

A F FEranily_Single: Fg AL

:P%: fEFanily Small: BEASI =4
3 5

1§F§hmly Large: .,

2t HENH

fanilyDe[ *Fs ySize’ l.onap( lambda 2 : 1 if == 1 else © )
fanilyDf[ 'F ] ;zu J.nap({ lambda ¢ : 1 if 2 & 2 <= 4 else 0 )
fanilyDf[ 'Fanily large’ 1 = famalyDf[ * qul'v 1ze’ J.map( lambda = ¢ 1 if 5 €= s else 0 )

fanilyDf. hesd()

FamilySize Family_Single Family_Small Family_Large

o 2 0 1 0
1 2 0 1 0
2 1 1 [} ]
3 2 0 1 0
4 1 1 (1] ]

22



JHIEIXFE feature Selection

— B At MR EREI B PR B $HIE P iR 50 73 S E MVISRERIHIE

— Ri%: Principal Component Analysis(EmM 573 7317)-
Singular Value Decomposition(ZF R EA#E) -
Sammon's Mapping(SammonB®&t)

FFFRHY feature extraction

— M—THETEILF RS —THETIE, KEE2FYHE

— Fi%: Chi-squared test(=F1.38). information gain(s
BIB%). correlation coefficient scores(fBXxF#1)

IEI'J..JIJT el ==
— SURIERE: SRR P RIR (BTN 194 B
- BHRE: BUEMENEXR, WASFRNEIESHNEE, X
LT RRBESE;
- BIEE: 2—WAsSNXR, REERBIFIERE,
23



o SHEFIREE R (correlation coefficient scores)

rRF A
corrDf = full.corr ()
corxDf

Age Fare

Parch

Sey

0.171521
1.000000
0.221522

Age 1000000
Fare 0.171521
Parch -0.130872
Sex 0.057397
-0.190747

-0.185434

SibSp 0.160224

Survived -0.070323 0.257307

23>

-0.130872
0.221522
1.000000

-0.213125
0.373587
0.08162¢2

0.05739]
-0.18543¢
-0.21312¢

1.00000(
-0.10960¢
-0.54335°

EESIHIIEERER (Swvived) FHEXERE,

ascending=FalseFriRiF FHE

LR R

corxDf [ Survived ], sort_values(ascending =Fals

Survived 1. 000000
Mrs 0. 344935
Miss 0. 332795
Pclass_1 0. 285904
Family_Small 0. 279855
Fare 0. 257307

k7

IE&HEX

Survived
Mrs
Miss

EZHE Polass_1

SEEA/\ Family_Small

RREE1R Faxe
a‘aa@% Cabin_B

Embarked_C

ShrEO Embarked_C

Cabin_D
Cabin_E
Cabin_C
Pclass_2
Master
Parch
Cabin_F
Royalty
Cabin_A
FamilySize
Cabin_G
Embarked_Q
Embarked_Q

. 000000
. 344935
. 332795
. 285804
. 279855
. 257307
. 1765095
. 168240
. 168240
. 150716
. 145321
. 114652
. 093349
. 085221
. 081629
. 057935
.033391
. 022287
. 016639
. 016040
0. 003650
0. 003650

COOCO OO OO O OO OOOOOOO OO

RAgEEX

Cabin_T
Officer
SibSp
Age
Family Large
EREAE ] Embarked S
SREEA/\Fanily_Single
ggg@gg-Cabin_U
ZHFEY, Polass_3
PESI Sex

e

. 026456
.031316
. 035322
. 070323
. 125147
. 149683
. 203367
. 316912
. 322308
. 543351
. 549199

24
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BEFIE SR FE

full_X = pd.concat( [titleDf, £#£#47
pclassDf, #&FA ZF4
familyDf, # 50 A0
full [ Fare' ], 88524045
cabinDf, #4548 5
embarkedDf, # 45 &
full [’ Sex ] £1E 5

], axis=1)
full_X. head()

Master Miss Mr Mrs Officer Royalty Pclass_

0 0 0 1 0 0 0
1 0 0 O 1 0 0
2 0 1 0 0 0 0
3 0 0 O 1 0 0
4 0 0o 1 0 0 0

5 rows x 27 columns

25
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BRTLE

F15%

i

¥

15REEUE

2.5 A\8UB
3EEHIREKER
describel@it&itiE 2
infoZ MR EE

1. EUE TR IR
frxEEzfilna
iBRERK B dropna
24512

FHIERREN:
One-hot#H
(get_dummies)
mapif# ( series)
FHIEERR: EXRYL

1)

%
L
M=

I BRETE

train.csv

iR

Test.csv

SRR EEOUIT

sourceRow=851

REELEIM AR

source_X = full_X. loc[0:sourceRow-1, :]
BEEIIERE: FE

source_y = full.loc[0:sourceRow1,’ Survived’ ]

GRS AT FEU
pred_X = full_X. loc[sourceRow:, :]

26
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JI| k% i & Bik FAFE
IJII—’F\M;E*[I ;*“Etm;g :Ioi:klju; linear_model import LogisticRegression

B2, R, FHEENT (logisic regression)
model = LogisticRegression()
SR WERL

from sklearn. cross_validation import train_test_split model. fit( train X , train_y )

BT NG SR T AR _
train X, test_X, train_y, test_y = train test split(source X , {F%?IE *ZRE
WIZAENE A IR 345 450 MR 4R source_y,

o3 T 5aF Y5 a train_size=.8)

2SR A
print O JRIRENREESE: ), source_X. shape,
*YIEEFIR SIS : 7, train_X. shape ,
PSRRI : °, test_X. shape)

print ( [RIRFHBEEIRE : ’, source_y. shape,
YRR EERRE : 7, train_y. shape ,
T EHBERE : 7, test_y. shape)

JRRARIRIRAHE: (891, 27) JIERMURSERME: (m12, 27) MNGEHBSEAS(E: (179, 20
JRARUREEIRE . (s01,) YISRMIREEIREG: (112,) MhtEUESEEITE: Qr9,)
&% ZEES

27



RS

i)z

¥ TR, scoretSHHT BRI EFIE
-model. scoxe (test_X , test_y | -

1 RESIE
0.84357541899441346 2.8 NIE
3 BEEYIEEREE
2o at.] 73 5 describel#Eit%itiE 2
SMSIE EEER HREE il
X 0 1 BT
X 1 Bk fEEfilna
X 1
X 0

mapB# (series)
FHERERR: BXRYE

BN - e l

1YISREURFINEE

*i\] Eﬁﬂ train_test_split

2 MEFSIHi%E: Sklearn

&2 BEEPEE

i - TSR l

I Score
SAMGE | FNER REFS

MiBRERKEdropna
w N 2A5METRR
= FHIFREL:
M;Elﬁ I One-hot#H9
(get_dummies)

X 1 Eif% =

X 0 I 7 RA

X 0 e SR —

R " FEEN:




PRE-S4 ]

2 EFNELTRE, RN R PRI EF BN ATRRY

pred Y = model. predict (pred X)

2852

FRATRNEEEEH (0.0,1,0)
{88 KaggleBRIREZ E‘J‘*%%gf” (0,1)
PSR R B 2R TSR

332

pred_Y=pred_Y. astype (int) e

A Ed

passenger_id = full. loc[sourceRow ’PassengerId’ ]

predDf = pd. DataFrane(
{ ’PassengerId’ : passenger_id ,
*Survived' : pred Y} )

predDf. shape

predDf. head()

B RS SE

predDf. to_csv( ' titanic_pred.csv’' , index = False )

m 5 titanic_pred.csv }, Passcx;ggc;Sm‘vwe%
3 893 1
4 894 0
5 895 0

(R ) Getting Started Prediction Competition

Titanic: Machine Learningfrom Disaster

Start here! Predict survival on the Titanic and get familiar with ML basi¢

Kaggle - 9,691 teams - 2 years to go

Overview Data Kernels Discussion Leaderboard Rules Team My Submissions

Step 1 o
Upload sul

@ Liscovxr =

titanic_prad.csv (4 KB) Complete 100% 4 KB

Step2 B/ QEr@ E=EH- | O [m3)

HEEF  FAENERERTSEREEE,

29



IBRREUE

HEiEI

(AFEL RS

ERITHS

FEEN

1REEHIE

2.5 A\¥E
3BEEHIREER
describel#it&itiE 2
info R IR EIE

1. 8= IR
frkfEEF illna
MipRERX{Edropna
245ETHE

FHIHRE:
One-hot%53
(get_dummies)
map®E# (series)
B : BXREE

1V SREUEFDN
train_test_split
2MBEIHE: Sklearn

Score

1323z R5kaggle
2iREES

30
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