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Machine Learning Algorithms

Yinan Yan 2006532
Abstract: The sinking of the Titanic is one of the most serious shipwreck
in the world. This report is about using machine learning algorithms to
predict the survivors of the Titanic. In this report, Decision Tree Algorithm
and Random Forest Algorithm are used to build different models to train
and test the Titanic data set. After modeling and evaluation, it is concluded
that the Random Forest Algorithm has better performance in such data sets
than the Decision Tree Algorithm. Compared with the decision tree
algorithm, the Random Forest Algorithm makes up for the Decision Tree

Algorithm’ problem of possible overfitting.
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1. Introduction

1.1 Machine Learning

According to [1], Machine Learning is the science (and art) of

programming computers so they can learn from data.




Here is a slightly more general definition:
Machine Learning is the field of study that gives computers the ability to
learn without being explicitly programmed.
—Arthur Samuel, 1959

And a more engineering-oriented one:

A computer program is said to learn from experience E with respect
to some task T and some performance measure P, if its performance on T,
as measured by P, improves with experience E.
—Tom Mitchell, 1997

As shown by [2], machine learning mainly uses experience to learn,
by analyzing and learning a large amount of existing data, to obtain the
internal correlation between data. In recent years. With the improvement
of data foundation, algorithm performance and hardware computing power,
machine learning has made rapid development, especially deep learning in
image, voice and natural language processing.

As demonstrated in [3], machine learning provides a method of
automatically summarizing logic or rules from data by selecting
appropriate algorithms. These logic or rules can be used as models to

classify and predict new data.

1.2 Dataset information

The Titanic data set is a classic data set in machine learning, The




Titanic data set include 12 columns and 892 rows. Except the titles of the
data set, it has 891 passengers’ information, and except the PassengerID,
the data set has 1 label (Survived) and 10 attributes (Pclass, Name, Sex,
Age, SibSp, Parch, Ticket, Fare, Cabin and Embarked).

Obviously, we should analyze the correlation between the attributes
and label, and then build a suitable model. This model will have good
performance to predict the dataset, which are not only training dataset, but

also testing dataset.

2. The process of data analysis

We use machine learning algorithms to analyze the passengers’ data
of the Titanic and build the models, in order to predict who may become
survivors through the model. In the process of building the entire model,
we need to perform roughly the following four steps:
|.read the data
2.explore the data
3.data cleaning and pre-processing

4 build the models




3. Data processing

3.1 Attributes information

This dataset includes 10 attributes, which are Pclass, Name, Sex, Age,
SibSp, Parch, Ticket, Fare, Cabin and Embarked. In these attributes, Sex,
Embarked, Pclass, SibSp and Parch are discrete variables. Age and Fare
are continuous variables. Mixed variables include Ticket and Cabin. As for
Name, these are the passengers’ name. Pclass means the class of the
passenger cabin, included class 1, class 2 and class 3. Sex includes male
and female. SibSp has two value (0 and 1).0 means that the passengers do
not have sisters or brothers on the ship. 1 means that the passengers have
sisters or brothers. Parch has two value (0 and 1).0 means that the
passengers do not have parents on the ship. 1 means that the passengers
have parents on the ship. Ticket means the ticket’ number. Fare means the
ticket’ price. Cabin means the specific cabin. Embarked means where the

passengers embarked, and its value include S, C and D.

3.2 Label information

This dataset includes one label, which is Survived. Survived is
discrete variable. Survived has two value, which are 0 and 1. The meaning
of 0 is that the passenger survived, and the meaning of 1 is that the

passenger did not survive.




3.3 Attributes analysis

3.3.1 Label proportion
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The chart shows that 61.6% passengers have survived.

3.3.2 The correlation between Sex and Survived
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Even though there are more male than the female, the female has

higher survival rate.




3.3.3 The correlation between Pclass and Survived
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The passengers who are in passenger cabin 1 have the highest survival

rate.
3.3.4 the correlation between Age and Survived
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Baby and older people have higher survival rate than young adults

who 1s about 30 years old.




3.3.5 the correlation between Age Pclass and Survived
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Female passengers have higher survival rate, and passengers who are

in passenger cabin 1 have higher survival rate.

3.4 Missing value filling and data pre-processing

<class 'pandas.core.frame.DataFrame'>
Int64Index: 891 entries, 1 to 891
Data columns (total 11 columns):

#  Column Non-Null Count Dtype

@ Survived 891 non-null inte4
1 Pclass 891 non-null inte4
2  Name 891 non-null object
3 Sex 891 non-null object
4 Age 714 non-null floated
5 Sibsp 891 non-null inte4
6 Parch 891 non-null int64
7  Ticket 891 non-null object
8 Fare 891 non-null floated
9 Cabin 264 non-null object

186 Embarked 889 non-null object
dtypes: float64(2), inte4(4), object(s5)

We can find that there are three attributes which are Cabin, Age and
Embarked. Cabin missed about 700 values, so we decide to delete this

attribute. As for Age, it missed about 200, we can use the average value to




update the null. About the Embarked, it just missed 2 values, so we can
delete the two rows. The operation influenced the dataset a little.

After filling the missing value, we can find that there are some
attributes is not meaningful for the dataset. we can delete the attribute to
simplified the dataset, because it can make the work easily. Deleting the

columns of Name and Ticket is a suitable way for the dataset.
4. correlation heat map

After these operations, we draw the heat map to see the correlation

between label and attributes intuitively.
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5. building and testing the model

5.1 choosing the algorithms

According to the dataset, we should choose the supervised learning.
Supervised learning includes Logic Regression, KNN, SVM, Decision
Tree and Random Forest. In this case, I decide to choose Logic Regression,

Decision Tree and Random Forest Algorithm.

5.2 Introduction of choosing algorithms

5.2.1 Logic regression algorithm

As shown by Hailong Duan[5], logistic regression algorithm is a
widely used classification algorithm. The logistic regression algorithm
trains the positive and negative samples in the data set to obtain the
hypothesis function between the sample label and the sample feature. Due
to the low complexity and easy implementation of the logistic regression

algorithm, it is widely used in the industry.
5.2.2 Decision Tree and Random Forests Algorithm

According to [6], a decision tree is a tree structure that includes three
parts: aroot node, a branch, and a leaf. The root node represents an attribute
of the tree, the leaf represents the classification mark, and the branch

represents the output result. The method starts from the root node and




traverses repeatedly. According to the results of the test, the instance is
assigned to its child nodes. Each child node will have a value
corresponding to the feature. Through the recursive method, continue to
test and assign the instance. Until the leaf node is reached, the instance is
finally divided into the class of the leaf node.

As demonstrated in [4]. The Random Forests Algorithm is an
integrated learning method. Through the self-service resampling technique,
n samples are randomly selected from the original training sample set N
with replacement to generate a new training sample set to train a decision
tree, and then m trees are generated according to the above steps. The
decision tree constitutes a random forest, and the classification result of the
new data is determined by the score formed by the voting of the

classification tree.

5.3 Logic Regression Algorithm

I use the Logic Regression Algorithm in this article to discuss the

survived situation, code is shown below.

#logistic regression

from sklearn.linear_model import LogisticRegression
logreg = LogisticRegression()

logreg.fit(Xtrain, Ytrain)

Y_pred = logreg.predict(Xtest)

acc_log = round(logreg.score(Xtrain, Ytrain), 2)
acc_log

e.79




Run the code, and then we get the value of acc_log, which is 0.79.

The result of those code is that the Logic Regression model’ accuracy is

0.79.

5.4 Decision Tree and Random Forest Algorithms

5.4.1Decison Tree Algorithm

I use the Decision Tree Algorithm to discuss the survived situation,

code is shown below.
#cross value

from sklearn.model_selection import cross_val_score
score = cross_val_score(clf,X,y,cv=18).mean()

score

©.7739274770173645

Run the code, and then we get the value of score , which is 0.7715.
The result of those code is that the Logic Regression model” accuracy is
0.7715. Because the system divides the training and testing data sets
randomly, the division of the data set may influence the model” accuracy.
Considering above condition, we use the way of cross validation to check

the model. The code of cross validation is shown below.

#cross value
from sklearn.model_selection import cross_val_score
score = cross_val_score(clf,X,y,cv=18).mean()

score
©.7739274770173645

We get the score’ value, which is 0.7739. The accuracy of this model




1s not enough for the requirement, so we choose to change the max depth
of the decision tree. We can get a most suitable model for the data set. The

code of the method is shown below.

#check the model' fitting condition at different max_depth
from sklearn.tree import DecisionTreeClassifier
tr =[]
te = []
for i in range(18):
clf = DecisionTreeClassifier(random_state=25
,max_depth=i+1
)
clf = clf.fit(Xtrain, Ytrain)
score_tr = clf.score(Xtrain,Ytrain)
score_te = cross_val_score(clf,X,y,cv=10).mean()
tr.append(score_tr)
te.append(score_te)
print(max(te))
plt.plot(range(1,11),tr,color="red", label="train")
plt.plot(range(1,11),te,color="blue",label="test")
plt.xticks(range(1,11))
plt.legend()
plt.show()

©.8177860061287026
We get the better model” accuracy is 0.8178. We can find that the

better suitable max_depth is 3.
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Even though, the accuracy of this model is good now, we also have a




method to improve the model” accuracy. We can use the method of grid
searching to get a better model. Through the method, we can get the

parameter in the better situation. The code of this method is shown below.

#grid search

from sklearn.model_selection import GridSearchCV

gini_thresholds = np.linspace(8,0.5,20)

parameters = {'splitter':('best','random')
,'eriterion’:("gini", "entropy")
,"max_depth™:[*range(1,10)]
,'min_samples_leaf':[*range(1,5€,5)]
,'min_impurity_decrease’:[*np.linspace(®,0.5,20)]

}

clf = DecisionTreeClassifier(random_state=25)
GS = GridSearchCV(clf, parameters, cv=18)
GS.fit(Xtrain,Ytrain)

GS.best_params_

{'eriterion’: 'entropy’,
'max_depth': 6,
‘min_impurity_decrease': @.8@,
'min_samples_leaf': 11,
'splitter’': 'best'}

GS5.best_score_

0.821479774705581
The best parameters of the model is shown below.
Criterion = entropy,
Information entropy is the criterion for evaluating impurity.
Max_depth = 6,
Max_depth is the maximum depth of Decision Tree.
Min_impurity_decrease = 0.0,
After a node is branched, the decrease in impurity is greater
than or equal to the value of min impurity decrease,then the branch
will not continue.

min_samples_leaf = 11,




Min _samples_leaf is the minimum sample size required for an
intermediate node to continue branching.

Splitter = best

Decision Tree have the best branches.

And in this situation, the better accuracy is 0.8215.

5.4.2 Random Forest

In this part, I want to compare the performance of Decision Tree and
RF, So I run the two together. The code of RF algorithm is shown below.

#check the accuracy of decision tree and random forest in the same condition
from sklearn.tree import DecisionTreeClassifier

from sklearn.ensemble import RandomForestClassifier

Xtrain, Xtest, Ytrain, Ytest = train_test_split(X,y,test_size=6.3)

clf = DecisionTreeClassifier(random_state=e)
rfc = RandomForestClassifier(random_state=@)
clf = clf.fit(Xtrain,Ytrain)
rfc = rfc.fit(Xtrain,Ytrain)
score_c = clf.score(Xtest,Ytest)
score_r = rfc.score(Xtest,Ytest)
print("Single Tree:{}".format(score_c)

, "Random Forest:{}".format(score_r)

)
Single Tree:8.7528089887640449 Random Forest:©.7902621722846442

We get the result. the result is that decision tree is 0.7528 and the
random forest is 0.7902. in the same situation, random forest performs
better than decision tree.

To check the performance of Decision Tree and Random Forest, wo
use cross validation and draw a figure to observe it intuitively. the code is

shown below.




#cross value about decision tree and random forest
rfc = RandomForestClassifier(n_estimators=25)
rfe_s = cross_val_score(rfc,X,y,cv=18)

clf = DecisionTreeClassifier()
clf_s = cross_val_score(clf,X,y,cv=18)

plt.plot(range(1,11),rfc_s,label = “"RandomForest")
plt.plot(range(1,11),clf_s,label = "Decision Tree")
plt.legend()

plt.show()

we get the figure that is shown below. we can get a conclusion from
the figure, which is that, decision tree and random forest have same

tendency and random forest perform better than decision tree basically.
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6. Conclusions and Perspectives

6.1 Conclusion

This essay uses three algorithms to build the model, and estimate the
model’ accuracy respectively. Through the comparison, we find that

decision tree shows the best performance, which is 0.8215. Because we use




the grid searching method to find the best parameters of decision tree in
this condition. After this, we compare the decision tree and random forest,
we find that random forest always performs better than decision tree. In
summary, random forest have the best performance in these algorithms in

the same condition.

6.2 Perspective

Considering the practical factors of this coursework, this article is just
simple. If need to improve the model, we can improve the model through
several aspect below.

1. When we process the data, we can process the data more careful.

2. We can use more algorithms, and we can find the best in those
algorithms.

3. We can use grid searching for every algorithm, and find the best
parameters for every algorithm. The result from this method will be

more convincing.
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Appendix

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import seaborn as sns

plt.style.use( ' fivethirtyeight')

import warnings

warnings.filterwarnings('ignore')

data = pd.read_csv(r"Taitanic data.csv",index_col = 8)

data.head(18)

. data.info()

. # the proportion of the label-Survival

. f,ax = plt.subplots(1,2,figsize=(18,6))

. data[ 'Survived'].value_counts().plot.pie(explode=[©,8.1],

autopct="%1.1f%%",

ax=ax[®8],shadow=True)

. ax[@].set_title( ' Survived')

. sns.countplot('Survived',data=data,ax=ax[1])

. # the relation between different genders and Survival
. data.groupby(['Sex', 'Survived'])['Survived'].count()
. sns.countplot('Sex',hue="'Survived', data=data)

. # the relation between the Pclass and Survival

. pd.crosstab(data.Pclass,data.Survived,margins=True).style.background_gradien

t(cmap="GnBu r"')

sns.countplot('Pclass’,hue="Survived',data=data)

#the relation between Age and Survival

g = sns.FacetGrid(data, col='Survived")

g.map(plt.hist, 'Age', bins=28)

plt.show()

#delete the columns which have too many missing values and are irrelevant wi
th the labels from observation
data.drop(["Cabin"”,"Name","Ticket"],inplace=True,axis=1)

#process the missing values

data["Age"] = data["Age"].fillna(data["Age"].mean())

data = data.dropna()

#transfer binary viaribles(male,female) into numerical wviariables(®,1)
data["Sex"] = (data["Sex"]== "male").astype("int")

#transfer tricategorical variable(S,C,D) into numerical variable(©,1,2)
labels = data["Embarked"].unique().tolist()

data["Embarked"] = data["Embarked"].apply(lambda x: labels.index(x))
data.head(18)

# correlation heat map
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sns.heatmap(data.corr(),annot=True, linewidths=8.2, cmap="summer_r")
rr()return the value of correlation

fig = plt.gcf() #establish canvas
fig.set_size_inches(8,6) #canvas size

#separate the label and attributes

X = data.iloc[:,data.columns != "Survived"]

y = data.iloc[:,data.columns == "Survived"]
#separate the training dataset and testing dataset
from sklearn.model_selection import train_test_split

Xtrain, Xtest, Ytrain, Ytest = train test split(X,y,test size=8.3)

#correct the index of training dataset and testing data set

for i in [Xtrain, Xtest, Ytrain, Ytest]:

i.index = range(i.shape[®@])

#check the training data set' information
Xtrain.head()

#check the testing dataset' information
Xtest.head()

#check the training data set' size

Xtrain.shape

#logistic regression

from sklearn.linear_model import LogisticRegression
logreg = LogisticRegression()

logreg.fit(Xtrain, Ytrain)

¥ _pred = logreg.predict(Xtest)

acc_log = round(logreg.score(Xtrain, Ytrain), 2)
acc_log

#decision tree

from sklearn.tree import DecisionTreeClassifier
clf = DecisionTreeClassifier(random_state=25)
clf = clf.fit(Xtrain, Ytrain)

score_ = clf.score(Xtest, Ytest)

score_

#cross value

from sklearn.model_selection import cross_val_score

score = cross val score(clf,X,y,cv=18).mean()

score
#check the model' fitting condition at different max_depth
from sklearn.tree import DecisionTreeClassifier

tr =[]

te = []

for i in range(1@):




83. clf = DecisionTreeClassifier(random_state=25

84. ,max_depth=i+1

85, )

86. clf = clf.fit(Xtrain, Ytrain)

87. score_tr = clf.score(Xtrain,Ytrain)

88. score_te = cross_val_score(clf,X,y,cv=18).mean()
89. tr.append(score_tr)

98. te.append(score_te)

91. print(max(te))

92. plt.plot(range(1,11),tr,color="red",label="train")
93. plt.plot(range(1,11),te,color="blue",label="test")
94. plt.xticks(range(1,11))

95. plt.legend()

96. plt.show()

97. #grid search

98. from sklearn.model_selection import GridSearchCV
99. gini_thresholds = np.linspace(®,8.5,28)

1ee.

181. parameters = {'splitter':('best’,’'random'})

182. ,'criterion’:("gini”, "entropy")

183. ,"max_depth":[*range(1,18)]

1e4. ,'min_samples_leaf':[*range(1,58,5)]

185. , 'min_impurity decrease':[*np.linspace(@,0.5,28)]
106. 3

187.

188. clf = DecisionTreeClassifier(random_state=25)
189. GS = GridSearchCV(clf, parameters, cv=18)
116. G5.fit(Xtrain,¥train)

111.

112. GS5.best_params_

113. GS.best_score_

114. #check the accuracy of decision tree and random forest in the same conditio

115. from sklearn.tree import DecisionTreeClassifier

116. from sklearn.ensemble import RandomForestClassifier

117. Xtrain, Xtest, Ytrain, Ytest = train_test_ split(X,y,test_size=8.3)
118.

119. clf = DecisionTreeClassifier(random_state=8)

128. rfc = RandomForestClassifier(random_state=8)

121. clf = clf.fit(Xtrain,¥Ytrain)

122. rfc = rfc.fit(Xtrain,Ytrain)

123. score_c = clf.score(Xtest,Ytest)

124. score_r = rfc.score(Xtest,Ytest)

125.
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print("Single Tree:{}".format(score_c)

» 'Random Forest:{}".format(score_r)

)
#cross value about decision tree and random forest
rfc = RandomForestClassifier(n_estimators=25)

rfc_s = cross_val_score(rfc,X,y,cv=18)

clf = DecisionTreeClassifier()

clf_s = cross_val_score(clf,X,y,cv=18)

plt.plot(range(1,11),rfc_s,label = "RandomForest")
plt.plot(range(1,11),clf_s,label = "Decision Tree")
plt.legend()

plt.show()
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