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Competition on Kaggle

Titanic: Machine Learning from Disaster

This is the legendary Titanic ML competition —

the best, first challenge for you to dive into ML competitions
and familiarize yourself with how the Kaggle platform works.

On April 15, 1912, during her maiden voyage, the widely considered
“unsinkable” RMS Titanic sank after colliding with an iceberg.
Unfortunately, there weren’t enough lifeboats for everyone onboard,

resulting in the death of 1502 out of 2224 passengers and crew.

While there was some element of luck involved in surviving, it seems
some groups of people were more likely to survive than others.

In this challenge, we ask you to build a predictive model that answers the
guestion: “what sorts of people were more likely to survive?”
using passenger data (ie name, age, gender, socio-economic class, etc).




The dataset
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Model score is the percentage of passengers correctly predict,
that is known as accuracy.
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Variables
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‘ WHO: Jack & Rose ‘ WHAT

‘ WHY . WHERE: somewhere in the sea

‘ WHEN: 1912/04/15 ‘ HOW







Random Forest
KR project P EARESEE (1/2)

PEREFRM @ = DAY 2 #R 4R

Random Forest Classifier
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Numpy
SPE#E S AR E S

Pandas
2B D T Rdata frameZ21E

Package used
Random Forest PT{EFARY python B4

Matplotlib

EFESeaborn#E P B R BB TNEE

Scikit-learn
RAHF S aEEBEHNERNER A




Neural Network
KRR projectFfsE RESEE (2/2)

Hidden

MRS ARES | A -PE A i~ s

Output
layer

BB E S 2 FAIZE (MLP)
TERAIARRIZRTB

HITHRES !

Tensorflow 1.x on Colab

1F TensorFlow
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Variable overview

‘Sex’ vs. ‘Survived’

Survived
| sex | suvived 400 e
n female 0.742 — 300 mm 1.0
L
=
male 0.189 2 500

AEB RIS AL T (1218.9%1F&) ; 100
LHABREN D 2= (74.2%)E=&

male female
Sex




Variable overview

‘Pclass’ vs. ‘Survived’

mm 0.0

0.630 1.0

1

3

Pclass




Data Preprocessing

BRI RE

‘Sex’ encoding ‘train.csv’ define Y’

0:1 train / test Survived

i male #8730 RFANI#RA 5 FH 2 AV data R EEREY)
1 female 88745 1 ERESETEAIER(00B) AEMREAE EX




Base Model

[RIGTRAINFRIR

Random Forest
X[ sex_code, Pclass, ... ], Y

OOB

random_state = 2 Accuracy

n_estimators = 250 0731 76

min_samples_split = 20
oob _score = True
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Fare

Survived 0.0 1.0

Pclass

1 4475 77.958
2 1300 21.000
3 805 8517

Log_Fare & Pclass vs Survived
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# Filling missing values
df data['Fare'] = df _data[ 'Fare'].fillna(df data[ 'Fare'].median())
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Pclass 1 2 3 Pclass 1 2 3 Pclass 1 2 3

FareBin_Code_4 FareBin_Code_5 FareBin_Code_6
0 8 6 323 0 8 6 261 0 8 6 222
1 0 128 193 1 0 36 218 1 0 0 218
2 77 104 147 2 0 124 132 2 0 126 76
3 238 39 46 3 9 99 71 3 14 83 128
4 220 12 27 4 1186 48 46
5 183 12 19
0.8
0.7
0.6
T § §
205 9 Qe -
S 5 5
B 0.4 B B
5 & =
S S S
0.2
0.1
0.0
1 2 1 2 3 0 1 2 3 4 5

FareBin_Code_4 FareBin_Code_5 FareBin_Code_6



Accuracy

bins=4vsbins=5vsbins =6

0.815
—e— hins=4
—e— bins=5

0.810 —e— bins=6

L .

0.800

0.795

0.790

0.785

Seed #
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TRRIAS

b4, b5, b6 = ['Sex Code’, 'Pclass’, 'FareBin Code 4'], ['Sex Code', 'Pclass’, 'FareBin Code 5'],\

[ 'Sex Code’, 'Pclass’, "FareBin _Code 6]

b4 Model = RandomForestClassifier({random state=2,n_estimators=258,min_samples split=286,00b_ score=True)
b4 Model.fit(X[b4], Y)

b5 Model = RandomForestClassifier(random state=2,n estimators=258,min_samples split=28,o00b score=True)
b5 Model.fit(X[b5], Y)

b6 Model = RandomForestClassifier(random state=2,n estimators=258,min_samples split=26,o00b score=True)
b6 Model.fit(X[b6], Y)

print( ‘b4 oob score :%.5F" %(b4 Model.oob score ))

print( b5 oob score :%.5F '%(b5 Model.oob score ))

print({'b6 oob score : %.5f" %(bb Model.oob score })

bd gob ccore 0, 826C34

b5 oob score :8.31833

bé oob score : 8.88135




Fare Model

SRERENRIR

Random Forest
X[ FareBin_Code 5, ... ], Y

OOB
random_state = 2 Accuracy
n_estimators = 250 081 033

min_samples_split = 20
oob _score = True
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3B 45 Al R

ERAVFFE(Ticket)

[ ] df _train[ 'Ticket'].describe()

count 891
unique 681
top 1681
treq 7

MName: Ticket, dtyps: object

2 X1 — B Hr B 45 12 K BE A BUS 2l (Family_size)

[ ] # Family size
df data| ‘Family size'| = df data[ 'SibSp'] + df data] 'Parch’] + 1
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Z1 A HEEZERDataFrame - B REE ~ 2B - fEMI -

deplicate_ticket = []
for thk in df_data.Ticket.unigue():

deplicate_ticket = pd.concat({deplicate_ticket)
deplicate ticket.head(14)

234

137

146

24

ST

5687

=89

172

MName

Cumings, Mrs. John Bradley (Florence Briggs Th...
Cumings, hMr. John Bradley

Futrelle, Mrs. Jacques Heath (Lily May Peel)
Futrelle, Mr. Jacgues Heath
McocCarthy., M. Timothy J

Hilliard, PMr. Herbert Hanry

Palsson,. Master. Gosta Leonard

Palsson, Miss. Torborg Danira

Pals=son. Miss. Stina Wiola

Palsson, Mrs. Nils (Alma Comelia Beraglund)
Palsson, Master. Paul Folke

Johnson, Mrs. Oscar W (Elisabeth Wilhelmina Berg)
Johnson, Miss. Eleanor llesen

Johnson, Master. Harold Theodor

tem = df_data.loc[df_data.Ticket == tk, '"Fare"']
#print{tem.count})
if Ttem.count() > 1:
#print(df data.loc[df data.Ticket == tk,[ 'MNMame"’
deplicate _ticket.append(df_data.loc[df_data.Ticket

Ticket

PC 17599

PC 17599

113603

113803

17463

17 A3

349909

349909

349909

349909

349909

347 TAZ

347 TAZ2

347742

. Ticket”

1

T

= 3

tk.["

Fare

2833

2833

231000

o3

51

51

21

21.

21

21

21

11

11.

11.

28

1000

8625

8625

OFS0

0750

0750

07720

0750

1333

1333

1333

"Fare"]1)
Mames "' ,

Cabin

85

C85S

C123

123

E46

E45

Mad

MMaMd

MNaM

MNaM

MNaM

MaM

Mad

MMaMd

P —_y

"Ticket' ™, "Fare’

Family size
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Surviwved

1.0

MMamrd

1.0

0.0

0.0

MaiM

0.0

0.0

0.0

0.0

MNalM

1.0

1.0

1.0

» Cabin”

E ]

RENE

"Family

size” .,

"Survived®"]])
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° # the same ticket family or friends
df data[ 'Connected Survival'] = 8.5 # default
for ., d¥ _grp in df¥ _data.groupby( " Ticket ') :
i+ (len{(df grp) > 1):
for ind, row in df_grp.iterrows():
smax = df_grp.drop(ind)[ "Survived"'] .max({)
smin = df _grp.drop(ind)[ "Survived®'].min()

passID = row[ "PassengerId’]
if (smax == 1.8):
d¥ data.loc[df data] "PassengerId’'] == passID, "Connected Survival'] = 1
#print
print{ ' 'people keep the same ticket: %.8f "Xlen(deplicate ticket))
print{"people hawve connected information : X.&f"™

2{d¥ data[df datal] "Connected Survival® " ]!=0©6.5].shape[@]))
df_data.groupby( Connected Survival')[[ "Survived’']].mean().round{3)

C» people keep the same ticket: 596
people hawve connected information : 294

Surviwved
Connected_ Surviwval
0.5 0.283

1.0 0.728




Connect Model
AT ERIR

Random Forest
X[ Connected Survival, ... ], Y

OOB

random_state = 2 Accuracy

n_estimators = 250 082043

min_samples_split = 20
oob _score = True
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count

40 1
300
200
100
0
2
Pclass

500 Has_Age

FURKREBEAB D HEISHRE

male

female
Sex

FHETRREMRIEL 8B:%=21.9%:16.7%
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Age vs Survived in Pclass = 1 and 2
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~ # extracted title using name
df _data['Title'] = df_data.mMame.str.extract(' ([A-Za-z]+)\.', expand=False)
»~ df data['Title'] = df _data['Title'].replace(['Capt’, 'Col', 'Countess', 'Don’,
M ‘Dr', ‘Dona‘', 'Jonkheer’,
'Major', "Rev’,"'sir'], "Rare’)

df data['Title'] = df_data['Title'].replace(['Mlle’, 'Ms','Mme'], 'Miss")
df data[ 'Title'] = df _data['Title'].replace(['Lady'], "Mrs")
df data['Title'] = df data['Title'].map({"Mr":e, "Rare" : 1, "Master" : 2,"Miss" : 3, "Mrs" : 4 })

Ti = df_data.groupby( 'Title')[ 'Age’].median()
Ti
started 20:08:34 2018-06-16, finished in 29ms

Title

(4] 29.0

1 47.0

s 23:2 . f#Eifii - ;Zgaﬁﬁﬁ

4 36.0 . oo T 2E ;
Name: Age, dtype: floaté4 . :F%iﬁ' AR - 47%

- INZ - A%
- /NYH- 2275k
- T+ - 365k

Ti pred = df data.groupby( 'Title')['Age'].median().values
df data['Ti Age'] = df data[ 'Age’]
# Filling the missing age
v for 1 in range(@,5):
T #8012345
df data.loc[(df data.Age.isnull()) & (df data.Title == 1),'Ti Age'] = Ti pred[i]
df data['Ti Age'] = df data['Ti Age'].astype('int")
df data['Ti Minor'] = ((df _data['Ti Age']) < 16.9) * 1
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Age Model

FEIRARVERIR

Random Forest

X[ Ti_Minor, ... ], Y ‘

OOB
random_state = 2 Accuracy
n_estimators = 250 0841 75

min_samples_split = 20
oob _score = True




RF Performance
MEE R MR B RIR

Pl accuracy fER1EE
Wr=28 rRE - 84 - Fiik -

ABEERNSEIE - EEmodelVERERIES -

HAETZZERE -
&2 REA El(family_size)= E—1&4F &L -
BEBRHGEBEBEERIBI RBERH -

FHRandom Forest - F M 1 11 BB X Features :

Sex_Code, Pclass, FareBin_Code_5,
Connected_Survival, Ti_Minor

0.86
0.84
0.82
0.8
s 0.78
& 0.76
SR 0.74

0.72

0.7
0.68
0.66

0.84175

0.82043
0.81033

0.73176

Base Fare Connect Age

VNS






Neural Network Model

SR S A ES Y 2R 18

Output Activation Function

Dense_2 9 RelLU
Dense_3 5 RelLU

Dense_4 1 Sigmoid

Loss function Metrics
binary_crossentropy accuracy

Optimizer
adam




Neural Network Model

SR S A Y R IR

Neural Network l

X[ from RF ], Y Accuracy

0.8148

Batch size = 32
Epochs =200







Comparison

Random Forest vs. Neural Network

84.18- 81.48-

» Machine Learning 7374 » Deep Learning 7374
) FEE - BRI EE » BOABHNES RORKRBRE
) FETitanic BRI ERIFR Y » REBEEARENESTESR

Titanic FYERE - RESERRFIEREIHIE -




Future Works

Hyperparameter tuning

Other algorithm (e.g. XGBoost)

Other application
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