5= & M BUY

Chiayi City Government

107 EMHERARREERNWNE IR HEIK

W EEO

PR akET Z
PZE= H HH 108/5/2

FEE t#BeaERan

PERSHING SYSTEMS CORPORATION



A A

i
A



MACHINE
LEARNING

DEEP
LEARNING

1950’s 1960’s 1970°s 1980’s 1990’s 2000's 2010’s

Since an early flush of optimism in the 1950s, smaller subsets of artificial intelligence - first machine learning, then

deep learning, a subset of machine learning - have created ever larger disruptions. 3

/& /5 21R: NVIDIA" s blog
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 Machine Learning: Field of study that gives computers the

ability to learn without being explicitly programmed (Arthur
Samuel, 1959).



BER / $EER / FEER

%%%E’Jﬁ%
EEI /IEEENEREM  BRaER
O I @ 0@
O i O
o0 | ® A
O \\ o 00




BT

« FARILEBIARLS (U0 : 90%&IEE » 10%EEE)
/DB RMTEERIR (Hhtk ~ ER)

10%

50%

90%

»

50%




BeY / B

- B2 AITHIEEEEH I ENETE
l'validation set] A2 EEEERNZEE

Setting Hyperparameters

Idea #1: Choose hyperparameters
that work best on the data

\

BAD: K = 1 always works
perfectly on training data

Your Dataset

Idea #2: Split data into train and test, choose
hyperparameters that work best on test data

BAD: No idea how algorithm
will perform on new data

train test
Idea #3: Split data into train, val, and test; choose Better!
hyperparameters on val and evaluate on test )
train validation test

Fei-Fei Li & Justin Johnson & Serena Yeung

Lecture 2 - 40 UniveEsity, 2017

(5 28« Stanfordfes23 InERFE NZ)
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« &> Tgeneralization error
- 2245 : TEFAIweight decay

Underfitting Appropriate weight decay Overfitting
(Excessive ) (Medium \) (A—=0)
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Survival : &£ FHESE

Pclass : i<

Sex : %5l

Age @ F#q

Sibsp : X & +/NZHNEE

Parch : 7%k + LREBFHIHE
Ticket : M ZE4RE

Fare : ﬂﬁf—i‘i'fﬁ*ﬂ

Cabin : REALSRES

Embarked : ZE/#5E O

(810 d |
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Import FREE AT &

# pandas
import pandas as pd
from pandas import Series,DataFrame

# numpy, matplotlib, seaborn

import numpy as np

import matplotlib.pyplot as plt
import seaborn as sns
sns.set_style( 'whitegrid’)
%matplotlib inline

# machine learning

from
from
from
from
from

sklearn.
sklearn.
sklearn.
sklearn.
sklearn.

linear_model import LogisticRegression
svm import SVC, LinearSVC

ensemble import RandomForestClassifier
neighbors import KNeighborsClassifier
naive_bayes import GaussianNB

17
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# get titanic & test csv files as a DataFrame
titanic df = pd.read csv("./titanic/train.csv")
test df pd.read csv("./titanic/test.csv")

titanic _df.head()

Passengerld Survived Pclass Name Sex Age SibSp Parch Ticket Fare Cabin Embarked
0o 1 0 3 Braund, Mr. Owen Harris male 220 1 0 A/5 21171 7.2500 NaN S

Cumings, Mrs. John

1 2 1 1 Bradley (Florence Briggs female 38.0 1 0 PC 17599 712833 C85 C
Th...
o : . STON/O2.
2 3 1 3 Heikkinen, Miss. Laina female 260 O 0 7.9250 NaN S
3101282

Futrelle, Mrs. Jacques
3 4 1 1 , female 350 1 0 113803 531000 C123 S
Heath (Lily May Peel)

4 5 0 3 Allen, Mr. William Henry male 350 0 0 373450 8.0500 NaN S
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print (titanic_df.info())
print("———————— e e e e —————
print (test df.info())

<class 'pandas.core.frame.DataFrame'>
RangeIndex: 891 entries, 0 to 890
Data columns (total 12 columns):

PassengerId 891 non-null inté64
Survived 891 non—-null int64
Pclass 891 non—-null int64
Name 891 non—-null object
891 non—nall biecet
IAge 714 non—-null floaté64 I
SibSp 891 non-null 1nt64
Parch 891 non-null inté64
Ticket 891 non—-null object
Fare 891 non-null flocaté64
Cabin 204 non—null object

dtypes: float64(2), int64(5), object(5)
memory usage: 83.6+ KB

<class 'pandas.core.frame.DataFrame'>
RangeIndex: 418 entries, 0 to 417

Data columns (total 11 columns):

PassengerId 418 non—-null inté64
Pclass 418 non—-null int64
Name 418 non—-null object
X 418 non-—-null obiject
Age 332 non—-null floaté64
Sibsp 418 non-null int64
Parch 418 non-null inté64
Ticket 418 non-—null object
Fare 417 non—-null floaté64
Embarked 418 non—-null object
dtypes: float64(2), int64(4), object(5)

memory usage:

36.0+ KB
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# drop unnecessary columns, these columns won't be useful in analysis and prediction
titanic_df = titanic_df.drop(['PassengerId’', ‘Name', 'Ticket'], axis=1)
test_df test_df.drop(['Name’, 'Ticket'], axis=1)

print (titanic df.columns)
print ('-———————— ")
print (test df.columns)

Index([ 'PassengerId', 'Survived', 'Pclass', 'Sex', 'Age', 'SibSp', 'Parch’,
'Fare', 'Cabin', 'Embarked'],
dtype='object"')
Index([ 'PassengerId', 'Pclass', 'Sex', 'Age', 'SibSp', 'Parch', 'Fare',
'Cabin', 'Embarked'],
dtype='object"')

20



g2l — Embarked

# Embarked

# only in titanic df, fill the two missing values with the most occurred value, which is "S".
titanic_df["Embarked"] = titanic_ df["Embarked"].fillna("S")

# plot
sns.factorplot( 'Embarked’, 'Survived', data=titanic df,size=4,aspect=3)

0.7
0.6
@ 05
=
c
=
w
0.4
0.3
S C Q
Embarked
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g2l — Embarked

fig, (axisl,axis2,axis3) = plt.subplots(1l,3,figsize=(15,5))
sns.countplot(x='Embarked', data=titanic df, ax=axisl)
sns.countplot(x='Survived', hue="Embarked", data=titanic df, order=[1,0], ax=axis2)

# group by embarked, and get the mean for survived passengers for each value in Embarked
embark perc = titanic df[["Embarked", "Survived"]].groupby([ ' 'Embarked'],as_ index=False).mean()
sns.barplot(x='Embarked', y='Survived', data=embark perc,order=['S','C','Q'],ax=axis3)

Embarked

. S
. C
- Q

Survived

5 C Q 1 0 ' 5 C Q 22
Embarked Survived Embarked
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# only for test df, since there is a missing "Fare" values
test df["Fare"].fillna(test df["Fare"].median(), inplace=True)

# convert from float to int
titanic df[ 'Fare'] = titanic df[ 'Fare'].astype(int)
test df[ 'Fare'] = test df[ 'Fare'].astype(int)

23
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EHREF R - Fare

# get fare for survived & didn't survive passengers
fare not survived = titanic df["Fare"][titanic df["Survived"] == 0]

fare survived = titanic df["Fare"][titanic df[ "Survived"] == 1]

# get average and std for fare of survived/not survived passengers

avgerage fare = pd.DataFrame([fare not survived.mean(), fare survived.mean()])
std_ fare = pd.DataFrame ([ fare not survived.std(), fare survived.std()])
# plot

titanic _df[ 'Fare'].plot(kind='hist', figsize=(15,3),bins=100, xl1lim=(0,50))

avgerage fare.index.names = std fare.index.names = ["Survived"]
avgerage fare.plot(yerr=std_ fare,kind='bar',6 legend=False)

120 A

100 +

Survived
24



%Eﬁvmé;'lﬁl' — Age

fig, (axisl,axis2) = plt.subplots(l,2,figsize=(15,4)) Original Age values - Titanic

axisl.set_title('Original Age values - Titanic')
axis2.set_title('New Age values - Titanic') 30 1
# get average, std, and number of NaN values in titanic df 40 -
average age_ titanic = titanic_df["Age"].mean()
std_age_titanic = titanic_df["Age"].std() 30 1
count nan_age titanic = titanic_df["Age"].isnull().sum()
# get average, std, and number of NaN values in test df @
average_age_test = test_df["Age"].mean() o
std_age_test = test_df["Age"].std()
count_nan_age_test = test_df["Age"].isnull().sum()

D-

0 10 20 30 40 50 60 70 80
# generate random numbers between (mean - std) & (mean + std)

rand_1 = np.random.randint(average_age titanic - std_age titanic, average_age_ titanic + std_age_ titanic,
size = count_nan_age_titanic)

rand_2 = np.random.randint(average_age_ test - std_age_test, average_age_ test + std_age_ test,
size = count_nan_age test)

# plot original Age values

# NOTE: drop all null values, and convert to int
titanic_df[ 'Age’'].dropna().astype(int).hist(bins=70, ax=axisl)

25



R E 1 — Age

# £ill NaN values in Age column with random values generated
titanic df[ "Age”"][np.isnan(titanic df["Age”])] = rand 1
test df[ "Age”][np.isnan(test _df["Age”])] = rand_ 2

# convert from float to int
titanic df[ '"Age'] = titanic df[ 'Age’'].astype(int)
test _df[ "Age’] = test df[ 'Age’'].astype(int)

# plot new Age Values
titanic df[ '"Age’'].hist(bins=70, ax=axis2)

New Age values - Titanic

20 1

10 A
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EBHZER - Age

# peaks for survived/not survived passengers by their age
facet = sns.FacetGrid(titanic_df, hue="Survived",6 aspect=4)
facet.map(sns.kdeplot, 'Age’,shade= True)

facet.set(xlim=(0, titanic_df[ 'Age’'].max()))
facet.add legend() L

0021 Survived

0.01 {

0.00

# average survived passengers by age

fig, axisl = plt.subplots(1l,1,figsize=(18,4))

average age = titanic df[["Age", "Survived"]].groupby([ 'Age’'],as_index=False).mean()
sns.barplot(x='Age', y='Survived', data=average age)

10

Survived
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012345678 910111213141516 171819 2021222324 2526 27 258 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 53 54 55 56 57 58 59 60 61 62 63 64 65 66 70 71 74 80

More information: 27
Age

https://seaborn.pydata.org/generated/seaborn.FacetGrid.html



%Eﬂméﬂﬂ — Cabin

c BEREKXZ » ZEAMADHT
« Z15CabinfiiL

# Cabin

# It has a lot of NaN values, so it won't cause a
titanic_df.drop("Cabin”,axis=1,inplace=True)
test_df.drop(“Cabin”,axis=1, inplace=True)

remarkable impact on prediction

28



gz &Rl - Parch

g = sns.FacetGrid(titanic_df, col='Survived')
g.map(plt.hist, 'Parch')

Survived =0 Survived = 1
400
300
200
100
[
S "

Parch Parch
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HZER - SibSp

g = sns.FacetGrid(titanic_df, col='Survived')
g.map(plt.hist, 'SibSp')

Survived =0 Survived = 1
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FELLFE - Family

« A—ERURERTREEARE

# Instead of having two columns Parch & SibSp,

# we can have only one column represent if the passenger had any family member aboard or not,

# Meaning, if having any family member (whether parent, brother,

...etc) will increase chances of Survival or not.

titanic_df[ 'Family'] = titanic_df["Parch"] + titanic_df["SibSp"]
titanic_df[ 'Family'].loc[titanic_df[ 'Family'] > 0] = 1
titanic_df[ 'Family'].loc[titanic_df[ 'Family'] == 0] = 0

test_df[ 'Family'] = test_df["Parch"] + test df["SibSp"]

test _df[ 'Family'].loc[test _df['Family'] > 0] =1

test df[ 'Family'].loc[test df['Family'] == 0] = 0

# drop Parch & SibSp
titanic_df = titanic_df.drop(['SibSp', 'Parch'], axis=1)
test_df = test_df.drop([ 'SibSp', 'Parch'], axis=l)

31



HRER - Family

fig, (axisl,axis2) = plt.subplots(l,2,sharex=True,figsize=(10,5))

# sns.factorplot('Family',data=titanic df,kind='count',6 ax=axisl)
sns.countplot(x='Family', data=titanic_df, order=[1,0], ax=axisl)

# average of survived for those who had/didn't have any family member
family perc = titanic df[["Family", "Survived"]].groupby([ 'Family'],as_ index=False).mean()

sns.barplot(x='Family', y='Survived', data=family perc, order=[1,0], ax=axis2)

axisl.set xticklabels(["With Family","Alone"], rotation=0)
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EHz=ER - Sex

# Sex

sns.countplot(titanic df[ 'Sex'], hue=titanic df[ 'Survived'])

fEmale
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RERE R - Sex

# As we see, children(age < ~16) on aboard seem to have a high chances for Survival.
# So, we can classify passengers as males, females, and child
def get_ person(passenger):

age,sex = passenger

return 'child’' if age < 16 else sex

titanic_df['Person’'] = titanic_df[[ 'Age’, 'Sex']].apply(get_person,axis=1)
test_df[ 'Person’'] test _df[['Age’', 'Sex']].apply(get_person,axis=1)

# No need to use Sex column since we created Person column
titanic_df.drop([ 'Sex'],axis=1,inplace=True)
test_df.drop([ 'Sex’'],axis=1,inplace=True)

# create dummy variables for Person column, & drop Male as it has the lowest average of survived passengers
person_dummies_titanic = pd.get _dummies(titanic_df[ 'Person’'])

person_dummies titanic.columns = ['Child', 'Female', 'Male']

person_dummies_titanic.drop([ 'Male’'], axis=1, inplace=True)

person_dummies_test = pd.get dummies(test_df[ 'Person'])
person_dummies_test.columns = [ 'Child’', 'Female', 'Male']
person_dummies test.drop([ 'Male'], axis=1, inplace=True)

titanic_df = titanic_df.join(person_dummies_ titanic)
test_df test_df.join(person_dummies_test)
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fig, (axisl,axis2) = plt.subplots(1l,2,figsize=(10,5))

# sns.factorplot('Person’',data=titanic df,kind='count',6 ax=axisl)
sns.countplot(x='Person', data=titanic df, ax=axisl)

# average of survived for each Person(male, female, or child)
person _perc = titanic_df[["Person", "Survived"]].groupby([ 'Person'],as_index=False).mean()
sns.barplot(x='Person', y='Survived', data=person perc, ax=axis2, order=[ 'male’','female','child'])

titanic_df.drop([ 'Person'],axis=1,inplace=True)
test _df.drop([ 'Person'],axis=1,inplace=True)
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gz &Rl — Pclass

sns.countplot(titanic_df[ 'Pclass'], hue=titanic df['Survived'])

36



EH= & — Pclass

# sns.factorplot('Pclass',data=titanic df,kind='count',6order=[1,2,3])
sns.factorplot('Pclass’, 'Survived',order=[1,2,3], data=titanic_df,size=5)

# create dummy variables for Pclass column, & drop 3rd class as it has the lowest average of survived passengers
pclass dummies titanic = pd.get dummies(titanic df['Pclass'])

pclass dummies titanic.columns = ['Class 1','Class 2','Class 3']

pclass_dummies titanic.drop(['Class 3'], axis=1, inplace=True)

pclass_dummies test = pd.get dummies(test df[ 'Pclass']) 07
pclass dummies test.columns = ['Class 1','Class 2','Class 3']
pclass_dummies test.drop(['Class 3'], axis=1, inplace=True)

06
titanic df.drop(['Pclass'],axis=1,inplace=True)
test df.drop([ 'Pclass'],axis=1,inplace=True) 05

Survived

titanic df = titanic_df.join(pclass dummies titanic)
test df test df.join(pclass dummies test)

04

03

02

Pclass
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# define training and testing sets

X_train
Y_trailn
X_test

titanic_df.drop("“Survived”, axis=1)
titanic_df["Survived" ]
test_df.drop("PassengerId”, axis=1).copy()
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# &5 B [o] 57

# Logistic Regression

logreg = LogisticRegression() IF0Y LogisticRegression()
logreg.fit(X_train, Y_train) RigsaERFIREIER S IEE

Y_pred = logreg.predict(X_test) FRAIXSUERI DR

logreg.score(X_train, Y_train) (L iERY

0.8058361391694725

41



Support Vector Classification (SVC)

# Support Vector Machines
svc = SVC()

svec.fit(X train, Y train)

Y pred = svc.predict(X test)

svc.score(X train, Y train)

0.8731762065095399
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Decision tree

petal length (cm) < 2.4
gini = 0.6667
samples = 150
value =[50, 50, 50]
class = setosa

True \:alse
petal width (cm) 1.7
gini=0.5
samples = 100
value = [0, 50, 50]
class = versicolor

sepal length (cm) < 6.9
gini = 0.4444
samples = 3

value = [0, 2, 1]
class = versicolor
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Random Forests

# Random Forests

random forest = RandomForestClassifier(n estimators=100)
random forest.fit(X train, Y train)

Y pred = random forest.predict(X test)

random forest.score(X train, Y train)

0.9674523007856342
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# get Correlation Coefficient for each feature using Logistic Regression
coeff df = pd.DataFrame(titanic df.columns.delete([0,1]))

coeff df.columns = [ 'Features']

coeff df["Coefficient Estimate"”] = pd.Series(logreg.coef [0])

# preview

coeff df Features Coefficient Estimate
0 Age -0.023379
1 Fare 0.000835
2 C 0.594886
3 Q 0.280388
4 Family -0.217172
5 Child 1.753677
6 Female 2.760550
7 Class_1 1.998658

8 Class_2 1.118209

45






Import FTE5 A I\ &

import pandas as pd
import numpy as np
import re

import seaborn as sns

import matplotlib.pyplot as plt
%matplotlib inline

import plotly.offline as py
py.init_notebook_mode(connected=True)
import plotly.graph_objs as go
import plotly.tools as tls

import sklearn

from sklearn.ensemble import (RandomForestClassifier, AdaBoostClassifier, GradientBoostingClassifier, ExtraTreesClassifier)
from sklearn.svm import SVC

import xgboost as xgb

from sklearn.model_selection import KFold
from sklearn.metrics import accuracy_score
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train = pd.read csv('./titanic/train.csv')

test = pd.read csv('./titanic/test.csv')

combine = train.append(test)

— R IEEERNSE - ZEIIRER AR ERSH

combine

Age Cabin Embarked Fare Name Parch Passengerld Pclass Sex SibSp Survived Ticket

0 220 NaN S 7.2500 Braund, Mr. Owen Harris 0 1 3 male 1 0.0 A5 21171

1 380 css C 712833 Cumings, Mrs. John Bradiey (Florence Br}%gs 0 2 1 female 1 10  PC 17599
I ) . STON/Q2.

2 26.0 NaN S 7.9250 Heikkinen, Miss. Laina 0 3 3 female 0 1.0 3101282

3 350 C123 S 53.1000  Futrelle, Mrs. Jacques Heath (Lily May Peel) 0 4 1 female 1 1.0 113803

4 350 NaN 8.0500 Allen, Mr. William Henry 0 5 3 male 0 0.0 373450

5 NaN NaN Q 8.4583 Moran, Mr. James 0 6 3 male 0 0.0 330877
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print('$#&EEZES - ', len(combine))

print('#4E : ")
print(combine.isna().sum())

(EERIEE - 1309
BRHE -

Age 263
Cabin
Embarked
Fare

Name

Parch
Passengerld
Pclass

Sex

SibSp
Survived 41
Ticket

dtype: inté4

— MREETERE - MEVNHAAS

[Ty
®
s
.

—— BABER/AEER - RAESHE

D0 DOODDDOFN

w5 R IR E R BT BAge - Embarked - Fare
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combine[ 'Embarked’'] = combine[ 'Embarked’].fillna(’'S") e H’—’:iﬁ?&@’%ﬁ%%ﬁ’\]ﬁﬁﬂﬁliﬁﬂﬂ

combine[ 'Fare’] = combine['Fare’'].fillna(combine[ 'Fare'].median()) —— H%iﬁg&{ﬁ%%q:l{ﬁﬁﬁ

age_avg = combine[ "Age’].mean()

age std = combine[ 'Age’].std()

age_null_count = combine['Age’].isnull().sum()

age_null _random_list = np.random.randint(age_avg - age_std, age_avg + age_std, size=age _null_count)
combine[ "Age’'][np.isnan(combine['Age"])] = age_null random_list

combine[ 'Age’'] = combine['Age’].astype(int)

FERBERELRZ - Rt AEREPUR

WEAINR B9 EPBEEHMENER ( £ N RAFERFIIINE—EREE )
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print('$#&EEZES - ', len(combine))
print('gME - ")
print(combine.isna().sum())
EERIESE - 1309
RIE -
Age
Cabin
Embarked
Fare
Name
Parch
PassengerId
Pclass
Sex
SibSp
Survived 418
Ticket
dtype: int64
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158 L% — Has Cabin

combine[ 'Has_Cabin'] = combine["Cabin"].apply(lambda x: @ if type(x) == float else 1)

combine[["Cabin’, "Has_Cabin']].head()

Cabin Has_Cabin

0 NaN 0

1 C85 1 AMERRL - RBRERO0

2 N (BfafeE e ol s iR iU A E)
aN 0

3 C123 1

4 NaN 0



158l L2 — Name_length

combine[ 'Name_length’'] = combine[ "'Name'].apply(len)

combine[[ "Name', "Name_length']].head()

Name Name_length

-

- W N

Braund, Mr. Owen Harris

Cumings, Mrs. John Bradley (Florence Briggs Th...
Heikkinen, Miss. Laina

Futrelle, Mrs. Jacques Heath (Lily May Peel)
Allen, Mr. William Henry

23
51
22
44
24
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15 T2 - FamilySize

combine[ 'FamilySize']

combine[ 'SibSp'] + combine[ 'Parch’'] + 1

combine[[ 'SibSp’', 'Parch’, 'FamilySize']].head()

SibSp Parch FamilySize

- W N

1
1
0

0

o O o o

2
2
1

STEM ERIXRAR
(RBEABELEROEREZERR)
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155 L% - IsAlone

combine[ 'IsAlone’] = ©
combine.loc[combine[ "FamilySize'] == 1, 'IsAlone’'] =1

combine[[ 'FamilySize', "IsAlone’']].head()

FamilySize IsAlone
0 2 0
1 2 0
2 1 1
3 2 0
4 1 1

SRR AEHBEEM

CEREXBEAR - EAERIJEREZERR)
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FEL1E - Title

def get_title(name):
title_search = re.search(’ ([A-Za-z]+)\.', name)
if title_search:
return title_search.group(1)
return ""

combine['Title'] = combine[ "Name’].apply(get_title)
combine[[ "Name','Title']].head()

Name Title
0 Braund, Mr. Owen Harris ~ Mr
1 Cumings, Mrs. John Bradley (Florence Briggs Th... Mrs EiE HY% ?‘— EF' E'(] f’ EE
2 Heikkinen, Miss. Laina Miss
3 Futrelle, Mrs. Jacques Heath (Lily May Peel) Mrs
4 Allen, Mr. William Henry Mr



FEL1E - Title

combine['Title'].value counts()

Mr 757
Miss 260
Mrs 197
Master
Dr

Rev

Col
Major
Mlle

Ms

Capt
Jonkheer
Countess
Don

Dona

Sir

Mme

Lady 1

Name: Title, dtype: inté4

(o))
CO =

AN RO RR

B R R RS R R R NN N D 00
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FEL1E - Title

combine[ 'Title']

combine[ 'Title'].replace(['Lady’, 'Countess’',’'Capt’, "Col’,'Don’, 'Dr', 'Major’,
'Rev’, 'Sir’, 'Jonkheer', 'Dona’], 'Rare’)

combine[ 'Title'].replace('Mlle’, 'Miss')

combine[ ‘'Title'].replace('Ms’', 'Miss’)

combine[ 'Title"].replace( 'Mme’, 'Mrs’)

combine[ 'Title']
combine[ 'Title']
combine[ 'Title']

nmonn

combine[ 'Title'].value counts()

Mr 757
Miss 264 ISR IR 4
Mrs 198
Master 61
Rare 29

Name: Title, dtype: inté4
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combine[ 'Sex’'] = combine[ 'Sex"].map( {'female’': ©, "'male’: 13} ).astype(int)

title_mapping = {"Mr": 1, "Miss": 2, "Mrs": 3, "Master”™: 4, "Rare": 5%

combine[ 'Title'] = combine[ 'Title  ].map(title_mapping)

combine[ 'Title'] = combine[ 'Title"].fillna(e)

combine[ 'Embarked’] = combine[ "Embarked’].map( {'S': 8, "C': 1, 'Q": 2% ).astype(int)
combine.loc|[ combine[ "Fare®] <= 8, 'Fare'] = ©

combine.loc[(combine[ "Fare"] > 8) & (combine[ '"Fare'] <= 14), 'Fare’'] = 1
combine.loc[(combine[ "Fare"] > 14) & (combine[ "Fare'] <= 31), "Fare'] = 2
combine.loc[ combine[ "Fare'] > 31, 'Fare'] = 3

combine[ "Fare’'] = combine[ "Fare']J.astype(int)

combine.loc[ combine[ 'Age’'] <= 16, "'Age’'] = ©
combine.loc[(combine[ "Age’'] > 16) & (combine[ "Age"] <= 32), "'Age’]
combine.loc[(combine[ "Age’] > 22) & (combine[ "Age’"] <= 48), "'Age’]
>
>

1l
2
=:

combine.loc[ (combine[ "Age’] 48) & (combine[ "Age”"] <= 64), 'Age’]
combine.loc[ combine[ "Age’] 64, ‘'Age’'] = 4

Age Cabin Embarked Fare Name Parch Passengerld Pclass Sex SibSp Survived Ticket Has_Cabin Name_length FamilySize IsAlone Title

Braund,
- 0 1 NaN 0 0 Mr. Owen 0 1 3 1 1 0.0 AB211I7T1 0 23 2 0 1
combine.head() Harris

Cumings,
Mrs. John
Bradley
1 2 C85 1 3 (Florence 0 2 1 0 1 1.0 PC 17599 1 51 2 0 3
Briggs
Th...

Heikkinen,
2 1 NaN 0 0 Miss. 0 3 3 0 0 1.0
Laina

STON/O2.
3101282

Futrelle,
Mrs.
Jacques
3 2 C123 0 3 Heath 0 4 1 0 1 1.0 113803 1 44 2 0 3
(Lily May
Peel)

Allen, Mr.
4 2 NaN 0 1 William 0 5 3 1 0 0.0 373450 0 24 1 1 1
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drop_elements = ['PassengerId’, 'Name', 'Ticket', 'Cabin’, "SibSp’]

combine =

train = combine[combine[ 'Survived’].isna()==False]
test = combine[combine[ 'Survived'].isna()==True]

combine.drop(drop_elements, axis

train.head()
Age Embarked Fare Parch Pclass Sex Survived Has_Cabin Name_length FamilySize IsAlone Title
0 1 0 0 0 3 1 0.0 0 23 2 0 1
1 2 1 3 0 1 0 1.0 1 51 2 0 3
2 1 0 0 0 3 0 1.0 0 22 1 1 2
3 2 0 3 0 1 0 1.0 1 44 2 0 3
< 2 0 1 0 3 1 0.0 0 24 1 1 1
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HERAESCEER
colormap = plt.cm.RdBu
plt.figure(figsize=(14,12))

plt.title('Pearson Correlation of Features', y=1.85,
sns.heatmap(train.astype(float).corr(),linewidths=06.1,vmax=1.0,

size=15)

square=True, cmap=colormap, linecolor="white', annot=True)

ame_length - 0.034 011 034 025 0.22

Pearson Correlation of Features

Age 0024 0073 015 ﬂ 0066  -0.064 023 0034 0.22 013 £0.063

Embarked - 0.024 0081 0.079 0046 0.12 011 0.014 011 0.08 0.018 0.045
Fare - 0073 -0.081 039 0.6

Parch - 0.15 £0.079 039 0018

9 05 034 046 0.57 034

0.082 0.037 025 032

0.73 0.22 0.066 014 017

032 033 0.017 02 041

s

=)
o

- HH
..n g
Ll N

Survived - -0.064 011 029 0.082 H
Has Cabin - 023 0.01. 1 0.73 0.14 0.3: . 13
- WL B
FamilySize - 0.22 0.08 046 0.066 0.2 0017  -0.0092 024 0.69 ).
IsAlone - 013 0.018 014 03 02 0.16 0.69

041 013 048 034 0

0.16

4 05 0.037

-
FS
bl

Title - 0.063 0045 034 032 017

- -
n
e
o -
b
=}
Title - 7
=

) | |
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sns.pairplot(train[[u'Survived', u'Pclass’, u'Sex', u'Age', u'Parch’', u'Fare’', u'Embarked', u'FamilySize’, u'Title']],

hue="Survived', palette = 'seismic',size=1.2,diag kind = 'kde',diag _kws=dict(shade=True),plot_kws=dict(s=10) )
g.set(xticklabels=[])

g

L

Parch
© N w»
o wn o

~

Fare

« 00

.... < 10
T

Embarked
o = N o

FamilySize
w B

Title
~NoB

T T
Survived

T
Pclass

T
Fare

T T
Embarked

T T
FamilySize

o SRR R E N A
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ntrain = train.shape[@] —_— N _ - et o e e
ntest = test.shape[@] — AR E R FOHEL E R EE]
SEED = ©

NFOLDS = 5

kf = KFold(n_splits=NFOLDS, random_state=SEED)

class SklearnHelper(object):
def __init__ (self, clf, seed=8, params=None):
params[ ‘'random_state'] = seed

self.clf = clf(**params) ERFKIERRZETAE % - B r HEEE MR class

def train(self, x_train, y_train):
self.clf.fit(x_train, y_train)

def predict(self, x):
return self.clf.predict(x)

def fit(self,x,y):
return self.clf.fit(x,y)
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def get oof(clf, x_train, y_train, x_test):
oof_train = np.zeros((ntrain,))
oof_test = np.zeros((ntest,))
oof_test _skf = np.empty((NFOLDS, ntest))

for i, (train_index, test_index) in enumerate(kf.split(x_train, y train)):

x_tr = x_train[train_index]
y_tr = y_train[train_index]
x_te = x_train[test_index]

clf.train(x_tr, y_tr)

oof_train[test_index] = clf.predict(x_te)
oof_test_skf[i, :] = clf.predict(x_test)

oof_test[:] = oof_test_skf.mean(axis=8)
return oof_train.reshape(-1, 1), oof_test.reshape(-1, 1)

Bl#Zout-of-fold#4 R - & over fitting
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aXx ETREERE 2
rf_params = {

‘'n_jobs': -1,

‘'n_estimators': 500,
'warm_start’: True,

‘max_depth': 6,
‘'min_samples leaf': 2,
‘max_features' : 'sgrt’,
'verbose': @

¥
et_params = {
:n_job§': —1,'
bl T i A EEENESRENFREN S ERAAEE
‘min_samples_leaf': 2,
‘verbose': @
}

ada_params = {
‘'n_estimators’': 500,
‘learning_rate' : ©.75

}

gb_params = {
‘n_estimators’: 500,
'max_depth': 5,
‘'min_samples leaf': 2,
‘verbose': @

¥

svc_params = {
'kernel’ : 'linear’,
'C" : ©.025
}



15 B350 4

rf = SklearnHelper(clf=RandomForestClassifier, seed=SEED, params=rf_params)

et = SklearnHelper(clf=ExtraTreesClassifier, seed=SEED, params=et_params)

ada = SklearnHelper(clf=AdaBoostClassifier, seed=SEED, params=ada_params) ﬁgjjjﬁtﬂﬁ
gb = SklearnHelper(clf=GradientBoostingClassifier, seed=SEED, params=gb_params)

svc = SklearnHelper(clf=SVC, seed=SEED, params=svcC_params)

y_train = train['Survived'].ravel()

train = train.drop([ 'Survived’'], axis=1)

test = test.drop(['Survived'], axis=1) EEE ARERIRNER
X_train = train.values

X_test = test.values

et_oof_train, et _oof test = get oof(et, x_train, y_train, x_test)

rf_oof_train, rf_oof_test = get oof(rf,x_train, y train, x_test) N
ada_oof_train, ada_oof_test = get_oof(ada, x_train, y_train, x_test) EJH?@ETE%ZﬁQ
gb_oof_train, gb_oof_test = get_oof(gb,x_train, y_train, x_test)

svc_oof_train, svc_oof_test = get_oof(svc,x_train, y_train, x_test)
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rf_feature
et_feature

rf.fit(x_train,y_train).feature_importances_
et.fit(x_train,y_train).feature_importances N T Tl =]
e o _ HERuEEH

ada_feature = ada.fit(x_train,y_train).feature_importances_
gb_feature = gb.fit(x_train,y_train).feature_importances_

cols

= train.columns.values

feature_dataframe = pd.DataFrame( { features': cols,

'Random Forest feature importances’': rf_feature,

'"Extra Trees feature importances': et_feature, % H- /W Eanl anl—%- =y <2
'‘AdaBoost feature importances': ada_feature, Hd"’fﬂ'ﬁﬂ%ﬁ réE%IEij%JrD

‘Gradient Boost feature importances': gb_feature

)

feature_dataframe

features Random Forest feature importances Extra Trees feature importances AdaBoost feature importances Gradient Boost feature importances

Age 0.035300 0.030184 0.012 0.046591
Embarked 0.022676 0.028065 0.008 0.024412
Fare 0.071709 0.053145 0.016 0.057525

Parch 0.021370 0.016403 0.064 0.010853
Pclass 0.132096 0.122301 0.030 0.087310
Sex 0.210666 0.369746 0.012 0.008652
Has_Cabin 0.058520 0.085952 0.012 0.037197
Name_length 0.104465 0.048163 0.726 0.176652
FamilySize 0.068760 0.046206 0.048 0.112556
IsAlone 0.012929 0.020858 0.004 0.007099
Title 0.261510 0.177977 0.068 0.431154
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trace = go.Scatter(
y = feature_dataframe['Random Forest feature importances'].values,
x = feature_dataframe[ ' features’].values,

mode="markers"',
marker=dict(
sizemode = ‘diameter’,
sizeref = 1,
size = 25,
color = feature_dataframe['Random Forest feature importances']
colorscale="Portland’,
showscale=True

)

text = feature_dataframe[ ' features'].values

)

data = [trace]

layout= go.Layout(
autosize= True,
title= 'Random Forest Feature Importance’,
hovermode= 'closest’,
yaxis=dict(
title= 'Feature Importance’,
ticklen= 5,
gridwidth= 2
)s
showlegend= False
)
fig = go.Figure(data=data, layout=layout)
py.iplot(fig,filename="scatter2016")

.values,

Random Forest Feature Importance

0.25-

e

= o

wn [N}
1 |

Feature Importance
o
o
1

0.05-

4/%7

e
e,
/’91‘/,

A

’/’r/@
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5=

feature_dataframe[ ‘mean’]

8 ZEIRE

{BIE

= feature_dataframe.mean(axis= 1)

S A2 k& FF —+ /W oh NEE =
SRS EE 2 M 1T
feature_dataframe
features Random Forest feature Extra Trees feature AdaBoost feature Gradient Boost feature —
importances importances importances importances

0 Age 0.035300 0.030184 0.012 0.046591 0.031018

1 Embarked 0.022676 0.028065 0.008 0.024412 0.020788

2 Fare 0.071709 0.053145 0.016 0.057525 0.049595

3 Parch 0.021370 0.016403 0.064 0.010853 0.028157

4 Pclass 0.132096 0.122301 0.030 0.087310 0.092927

5 Sex 0.210666 0.369746 0.012 0.008652 0.150266

6 Has_Cabin 0.058520 0.085952 0.012 0.037197 0.048417

7 Name_length 0.104465 0.049163 0.726 0.176652 0.264070

8 FamilySize 0.068760 0.046206 0.048 0.112556 0.068880

9 IsAlone 0.012929 0.020858 0.004 0.007099 0.011221

10 Title 0.261510 0177977 0.068 0.431154 0.234660
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y = feature_dataframe[ 'mean’].values
x = feature_dataframe[ features'].values
data = [go.Bar(
X= X,
Y=Y,
width = 6.5, Barplots of Mean Feature Importance

marker=dict(

color = feature_dataframe[ 'mean’].values,
colorscale="Portland’,
showscale=True,

reversescale = False
0.2
) .
opacity=6.6
)] . 0.15
layout= go.Layout(
autosize= True, 0.1- 0.1
title= 'Barplots of Mean Feature Importance',
hovermode= 'closest”’,
. . 0.05- 0.05
yaxis=dict(
title= 'Feature Importance’, j -
ticklen= 5,

o 2 2y ) ’s 7
gridwidth= 2 é%% %w Tass My, ong o
(o4

6 /
é/,, \ e,,g”) /?@
) 2

0.25-

o
N
1

Feature Importance
o
—
w
|

showlegend= False

)
fig = go.Figure(data=data, layout=layout)
py.iplot(fig, filename="bar-direct-labels')
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base_predictions_test = pd.DataFrame({
'RandomForest’: rf_oof_test.ravel(),
"ExtraTrees’': et_oof_test.ravel(),
"AdaBoost’: ada_oof_test.ravel(),

'GradientBoost': gb_oof_test.ravel(), H%%?F%EE%E,EU%%EJ%
"SVM': svc_oof_test.ravel()
3

base_predictions_test

RandomForest ExtraTrees AdaBoost GradientBoost SVM

0 0.0 0.0 0.0 00 00
1 1.0 0.6 1.0 10 10
2 0.0 0.0 0.0 00 00
3 0.0 0.0 0.0 00 00
B 1.0 1.0 1.0 1.0 10



+

/

base_predictions_test
base_predictions_test
base_predictions_test
base_predictions_test

base_predictions_test

&
LLH

U3

base_predictions_test.
base_predictions_test.
base_predictions_test.
base_predictions_test.

replace(0.2,
replace(0.4,
replace(0.6,
replace(0.8,

RandomForest ExtraTrees AdaBoost GradientBoost SVM
0 0.0 0.0 0.0 00 00
1 1.0 0.6 1.0 1.0 1.0
2 0.0 0.0 0.0 00 00
3 0.0 0.0 0.0 00 00
4 1.0 1.0 1.0 1.0 1.0

Z

N2

Bl

HYFE R

| & fold¥F19 - BEAQorl
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ans = pd.read_csv('gender_submission.csv')

print(ans)

PassengerId Survived

(%) 892 e
1 883 1
2 824 e
3 8¢5 e
- 896 1
5 897 e
6 898 1
7 829 e
8 %ee 1
9 %01 e
10 %02 e
11 %83 e
12 ce4 1
13 985 e
14 906 1
15 %07 1
16 %08 e
17 909 e

ia NRES S
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print('RandomForestiEFE= © " ,accuracy_score(base_predictions_test[ 'RandomForest'], ans['Survived']))
print('ExtraTreesiEFE= © ',accuracy_score(base_predictions_test['ExtraTrees'], ans['Survived']))
print('AdaBoostiEFE= © ',accuracy_score(base_predictions_test[ 'AdaBoost’'], ans['Survived']))
print('GradientBoostiEFE= © ' ,accuracy_score(base_predictions_test['GradientBoost'], ans['Survived']))
print('SVMIEFEE © ' ,accuracy_score(base_predictions_test['SVM'], ans['Survived']))

RandomForestiETE=E - 0.89712918660828768

ExtraTreesiETE= - ©.9019138755980861 " . _
AdaBoostiETER : ©.8827751196172249 HRE éﬂ‘ \ﬂﬁﬁ}ﬁﬁéiﬁ'ﬁ  IWEEA—EAE
GradientBoostiEFE= © ©.8253588516746412

SVMIETER © 0.937799043062201
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E S I5-ensemble

x_train = np.concatenate(( et_oof_train, rf_oof_train, ada_oof_train, gb_oof_train, svc_oof_train), axis=1)
Xx_test = np.concatenate(( et_oof_test, rf_oof_test, ada_oof_test, gb_oof_test, svc_oof_test), axis=1)

gbm = xgb.XGBClassifier(

n_estimators= 2600,

max_depth= 4,

min_child_weight= 2,

gamma=6.9,

subsample=6.8,

colsample bytree=0.8,

objective= 'binary:logistic’,

nthread= -1,
scale_pos_weight=1).fit(x_train, y_train)

predictions = gbm.predict(x_test)

print('xgboostiEFE=E © ',accuracy_score(predictions, ans['Survived']))

xgboostiEFEE © ©.90866985645033614
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All you need is python!



