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Abstract 

This study is about data analysis and prediction model using R open source language, R is a language and environment for stat istical 
computing and graphics so it’s a full function programming language. In this study through using the Titanic datasets, we created a 
model that predict the survival rates of the test dataset, we used the Train dataset that has  the survived variable with levels of 
"0"(perished) and "1"(survived) data and the test dataset with no survived levels to predict the survival rates on the test. In this study, 
we used the R functions, packages, and machine learning algorithms that provided in R, to combine, analysis and splitting the data we 

created utility functions to make features and predictive potential values for our new variables. We Analyzed the Training data set by 
cross-validation with 82% accuracy, visualization, and decision tree and then leveraged it to test data to predict the survival rat e on test 
data.  
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1. Introduction  

Globally, technology and development are constantly changing, 
and every year new technologies and method are being developed 
every year. Among them, data and data analysis techniques have 
become of interest to companies and schools and become an im-
portant issue. Much research has been done on prediction methods 
and prediction models for analyzing and analyzing big data and 
general data. This is because mass data itself requires a high prob-

ability of accuracy along with fast technology and analysis that 
finds the correlations and potential values of variables and proves 
the accuracy. In this paper, we use R statistical programming lan-
guage to create utility functions to discover the correlation of val-
uable variable and splitting the data to knows what’s going on 
between survival and perished using  RStudio, which has recently 
been attracting attention as a big data analysis tools, We will ana-
lyze the Titanic data to create a survival prediction model. [1] In 
this study, we present a prediction model using the algorithms and 

packages of ggoplot2, random forest, rpart, caret, varImpPlot pro-
vided by R. 

2. Analyze existing data 

With the rapid development of IT technology, data production is 
so fast that momentarily goes beyond general data to big data. 

Thus, mass data is being an issue to corporations and public insti-
tutions, and various analytical techniques have been developed.  In 
this study used the data of Titanic ship that crashed with an ice-
berg in April 15.1912 and almost 2.200 passengers have perished 
and 1.514 passengers survived, Dataset configurations are separat-
ed by rows and columns, columns are variable names of data, and 
rows are data and data types in variables[2]. We have two datasets 
of Train and test, the Train dataset has the survival variable that 

indeed we are analysing to find out how many peoples perished, 

what kind of peoples has been perished, what is going on with the 
survival rates. Train data set configuration is shown in (Figure 1). 

.  
Fig. 1: The train data configuration 

The Titanic and what differential it's our train data from our test 
data is the fact that we have these values that yes Mr. Own 
Bronde did not survive but Mi. Jon did survive and here all the 
data points that are associated (Figure 2.) 

 
Fig. 2: The sample of train data 

The test data set configuration is the same as the train data set, but 
there is no survival data variable (Survived) in the test dataset. 
Test data set configuration is shown in (Figure 3). 

http://creativecommons.org/licenses/by/3.0/
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Fig. 3: The test data configuration 

The data has been split into two groups: 
Training set (train.csv) 
Test set (test.csv) 
The training set is used to build machine learning models. We 
used the feature engineering to create new features [3]. 
The test set would be used to see how well our model performs on 

unseen data. For each passenger in the test set, use the model the 
trained to predict whether or not they survived the sinking of the 
Titanic [4]. 
To better understand the data type and data structure in the varia-
bles, the following (Table 1) is used. 

Table 1: The data variables structure 

Variable  definition  key 

Survived Survival Survived= (0=no, 1=yes) 

Pclass Ticket level 
Pclass=1,2,3 A proxy  for socio-economic 

status, 1 = 1st, 2 = 2nd, 3 = 3rd 

Name 
personal 

information 
Baumann, Mr. John D 

Sex Sex Male, female 

Age Age Age 

Sibsp Family size 
Sibsp: The dataset defines family relations , 

Spouse = husband 

Parch 
Passenger 

with family 

Parch: The dataset defines family relations 

in this way. Parent = mother, father, 

Child=daughter, son, Some children, there-

fore parch=0 for them 

Ticket 
Ticket num-

ber 
Ticket number 

Fare Ticket price Passenger fare 

Cabin 
Cabin num-

ber 
Cabin number 

Embarked 
Port of em-

barked 

C = Cherbourg, Q = Queenstown, S = 

Southampton 

3. Analysis method  

Based on the train data set of Titanic, we used machine learning 
algorithms and packages applied to R statistical programming 

language, the train data set have 891 observations 11 variables, 
594 peoples perished and 342 survived but, as mentioned above 
the test data set does not have the survival variable. to use the 
machine learning algorithms to use this data and learn from the 
data the patterns between who survived and who did not, in ma-
chine learning terms what we're trying to do here is build a classi-
fication model literally we're trying to tell the computer to build an 
asset from this data that enable it to either say with a certain 
amount of certainty to someone not survived do they perish or do 

they survived the sinking of the Titanic and what that allows the 
computer to do is to use a machine learning algorithms to use this 
data and learn from the data the patterns between who survived 
and who did not,  this is a very key point we use machine learning 
or data science techniques when the pattern in the data signal that 
we're trying to understand is either  too  complicated or it  would 
take too long for human being to divine it to do examine the data 
by hand understand the pattern create algorithms or logic to actu-

ally implement the patterns and also do the classes and do the 

classification, that's what machine learning really about. The first 
thing we’re going to do, combined the Train and test datasets by 
using rbind( ) function to combine the data by rows and columns 
to handle the missing values. After loading, the datasets using the 
following code to combine this two into one set  we need to add a 
variable to the test set  "Survived" variable with None values to 
the test set to allow for combining data sets by using the data 
frame() & rep()functions, the data frame() function it allows  us to 

create a data frame and  rep()function it allows to replicate ele-
ments of vectors and lists .  

test.survived <- data.frame(Survived = rep("None",nrow(test)), 
test[,]) 

And now we have test.survived data frame with 11 variables and 
418 observations as will the train data frame have 11 variables 
now our datasets have the same variables that allow us to combine 
the data sates, the (Figure 4) is shown datasets with variables and 

observations. 

 
Fig. 4: The sample of datasets 

Using the fallowing code to combine the datasets and what this is 
doing is, take the train data frame 891 observations of 11 variables 
as a table and append to it row by row the test.survived variables 
which are 418 observations. Now what that should give us, in the 
end, is a combined data frame (table) that has 1309 observations 
of 11 variables. (Figure 5) shown the combined data frame (da-
ta.combined). 
data.combined <- rbind(train, test.survived)  

 
Fig. 5: The sample of combine data frame 

In the existing data before to improve the data and adding the 
variables with potential values, the machine learning algorithms 
giving us 20.99% error rate that meant we 79% accuracy as shown 
in (Figure 6).  
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Fig. 6: Accuracy of existing data 

3.1. Proposal analysis  

To plot the data as graph, use the fallowing code to convert the 
survived variable as factor.  
data.combined$Survived <- as.factor(data.combined$Survived) 

and then use the ggplot2 package to plot survival rates by Pclass 
variable. [Fig 3] shows the result of survival by Pclass variable, 
the “0” red color mean perished and “1” blue color means sur-
vived. Using the following code to plot the survival rate by Pclass 
which have three levels (1, 2, 3) means the Pclass variable have 
three values. In section we used the ggplot2 package, ggplot2 is a 
data visualization package for statistical programming language R. 
Visualize the association of variables by x, y labeling. The basic 

elements that make up the grammar of ggplot2 are as follows.  
1 data frame, the raw data that you want to plot. 
2 Exterior elements such as color, size (aes). 
3 The geometric shapes that will represent the data, points, lines, 
shapes, etc. However, geom_bar can be used according to the data. 
4 stat_ Statistical summaries of the data that can be plotted, such 
as quantiles, fitted curves (loess, linear models, etc.), sums and so 
on [4]. 

ggplot(train, aes(x = Pclass, fill = factor(Survived)))+ 
geom_bar(width = 0.5)+ 
xlab("Pclass")+ 
ylab("Total Count")+ 
labs(fill = "Survived") 
The survival rate is plotted using gglot2, and the survival rate is 
highest when the result graph Pclass = 1, Plass = 2 and the surviv-
al rate was predicted to be 50 to 50. If Pclass = 3, many people 

died. Survival rate graph is shown in (Figure 7) [5]. 

 
Fig. 7: The Survival rates by Pclass 

If you look at the data in the variable, the Name variable is Mr., 
Miss., Mrs., and Master. There seemed to be a lot of information 
and possibility. In addition to the name, you can get information 
such as gender, age, marital status, occupation, etc. in the Name 
variable. The data in the Name variable is shown in (Figure 8). 

 
Fig. 8: Shown the values of name variable 

Used the next code to create a utility function to add a new varia-

ble named title with predictive potential values to the combined 
data frame 

extractTitle <- function(Name) { 
Name <- as.character(Name) 
 if (length(grep("Miss.", Name)) > 0) { 
 return ("Miss.") 
 } else if (length(grep("Master.", Name)) > 0) { 
return ("Master.") 
} else if (length(grep("Mrs.", Name)) > 0) { 

return ("Mrs.") 
 } else if (length(grep("Mr.", Name)) > 0) { 
 return ("Mr.") [6] 
 } else { 
return ("Other") 
}   } 
titles <- NULL 
for (i in 1:nrow(data.combined)) { 

  titles <- c(titles, extractTitle(data.combined[i,"Name"])) 
} 
data.combined$title <- as.factor(titles)  
Now we add a new variable to data.combined data frame and use 
the ggplot package to gate more detail of correlation and easy 
understand of survival rates by Pclass and title by adding to data 
frame new variable we recognize lots of deference. the (Figure 9) 
shows the survival rates of Master, Mr., Mr., Miss., Mrs., by 

Pclass and title variables[5]. 
In the following code, we entered the entire test and train data, but 
only the first 891 rows were used because there are survival labels 
only on the train set. In order to show the newly created variable 
(title) functionality, the ggplot package was used to visualize the 
survival rate by analyzing the title, pclass, and survived directions 
[6]. 
The plotting of data shows that the Pclass is 1 and does not seem 

to have perished the master boys, Miss. The survival rate is good 
even if there is. And if Mrs. Pclass is 1 more than 50% died, and 
Mrs. has a high survival rate. If you have Pclass = 2, Master 
(young male children), Miss (single female) survival rate is very 
good. However, Mr. The survival rate is not good. Or Mrs. is more 
than 80% survival rate. Pclass = 3 Master (Young males) Survival 
rate is 50 to 50, and Miss has shown the same survival rate. Sur-
vival rate of 20% is very bad. Also, Mrs. Survival rate is more 
than 50%. We extended the relationship between Survived and 

Pclass by creating a Title variable and adding it to the data set [7]. 
ggplot(data.combined[1:891,], aes(x=title, fill = Survived)) ge-
om_bar() + 
facet_wrap(~Pclass) +  
ggtitle("Pclass") + 
xlab("title") + 
ylab("Total Count") + 
labs(fill = "Survived")  
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Fig. 9: The Survival rates by Pclass & title 

Survival rates were visualized by comparing Sex, Pclass, and Sur-
vived orientation relationships with the title analysis in order to 
analyze the data and to find the survival rate correlation. We will 
use Ggplot2 to analyze the survival rate based on Pclass, Sex. The 
red color of the graph means perished, the blue color of it means 

survival [4].  
Pclass 1 Women's survival rate is over 90%, and men 45% per-
ished. 
Pclass 2 Survival rate of female is 90%, but 80% of men perished 
Plass 3 Women 55% is Survival and Men Survival Rate is not too 
good. Survival, Pclass, and Sex correlations were visualized as 
shown in (Figure 10). 

 
Fig.10: The survival rates by Pclass and sex 

Now we are going to handling data to get more accuracy by  add-
ing a new variable called family size by using the next code. da-

ta.combined$family.size<- as.factor(Temporary.SibSp + Tempo-
rary.Parch + 1), 
 adding new variable may make more predictive, use the summary 
function to knows what going on with family size, sum-
mary(data.combined$family.size) In the following (Figure 11), 
you can see 1 ~ 11 people traveling together. 

 
Fig. 11: The sample of family size 

By the adding family.size variable to the data frame used ggplot to 

Visualized the survival rates Figure 11 shows the survival rate that 
the big family is not good to survive ggplot(data.combined[1:891,], 
aes(x=family.size,fill=Survived)+ 
geom_bar() + 
facet_wrap(~Pclass + title) + 
ggtitle("Pclass, Title") + 
xlab("family.size") + 
ylab("Total Count") + 

ylim(0,300) + 
labs(fill = "Survived") 
The results of the analysis are as shown in (Figure 12) 

If Pclas = 1 & Title = Master, there is no one who perished regard-
less of family size. If Pclass = 1 & Title = Miss. The family size 
may be four looks some peoples perished. If Pclass = 1 & Title = 
Mr. More than 50% of passengers traveling alone have perished, 
and the survival rate of two or more family members is not good. 
Pclass = 1 & Title = Mrs. If there are less than three family mem-
bers, it is safe, but those who travel with more than three family 
size die. Pclass = 2 & Title = Miss. The survival rate is very good 

regardless of the family member. Pclass = 2 & Title = Mr. 90% of 
passengers who traveled alone have perished and family size as 
big as many people perished. the passengers who’s Pclass = 2 & 
Title = Mrs. looks no one perished survival rate is good. Pclass = 3 
& Title = Master, and family size is more than four have perished. 
Pclass = 3 & Title = Miss. The passengers alone are seen as sur-
viving 60%, but if the family size is more than two the survival 
rates is getting worse. Pclass = 3 & Title = Mr. Passengers who 

travel alone have survived more than 15%, and if family size more 
than two the survival rate getting worse. Pclass = 3 & Title = Mrs, 
if family size is four, survival rate is 50 to 50 bur if family size is 
more than 4 people as well as many people perished. 

 
Fig. 12: Shows survival rates by Pclass, title & family.size 

The following code uses the ggplot2 package to look at the corre-
lation of Pclass survival between women and men by age. In 
Pclass 1, the female looks safe and the person who dies is small. 

The survival rate of Pclass 2 was lower than that of Pclass 1, and it 
was found that young passengers were safe and their mortality 
increased in their 20s or older. 

3.2. Variable selection 

It is common that there are a large number of input variables that 
are candidates for one target variable among the many variables of 
the big data. It is effective to select variables with high relevance 

to target variables. In this study, we analyzed all the data, found 
the variables that are related to the survival rate, and made the data 
frame different for easy analysis, so we are going to use the ran-
dom forest algorithm to have a better variable selection and varia-
bles importance. 

3.3. Radom Forest 

Random forest algorithm evaluate the importance of variables and 

select the variable that can be used in the model [9].  
Here, varImpPlot prints a result that allows you to precisely view 
the variable importance you select through the label variables that 
are dedicated to the random forest algorithm. The Random Forest 
can handle numeric, categorical, and associative variables [8]. 
Used the following code to create a temporary data frame with the 
variables most relevant to the survival rate and also create a pri-
vate label variable [9]. Wrote the following code to Visualization 

the importance of the variables on the data frame that we made as 
a temporary data frame has the most correlation between survived 
and perished and shows the title as the most important variable 
(Figure 13) shows the importance of variables top-down10]. 
RF.train.2<-
data.combined[1:891,c("Pclass","title","SibSp","family.size")] 
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RF.2 <- randomForest(x = RF.train.2, y = RF.label, importance = 
TRUE, ntree = 1000) 
 varImpPlot(RF.2)[]. [11] 

Fig. 13: The selection of variables by random Forest 
So we got 81% accuracy as the fallowing error rate shows 19.64% 
error, OOB estimate of error rate: 19.64%. the selection of varia-
ble . Model RF.2 shows that the error rate is 19% and the model 

accuracy is 81%. (Figure 14) shown the sample of model accuracy 
[12].  

 
Fig. 14: Shown the accuracy of model RF.2 

3.4. Tree decision 

During the processing and analyzing data, random forest algo-

rithm given us the most predictive potential values of variables 
title, Pclass, and family size so used the following code by using 3 
most important variable and figure out tree decision for our predict 
model (Figure 15) shows the survival prediction by a single 
tree[13]   
features <- c("Pclass", "title", "family.size") 
rpart.train.1 <- data.combined[1:891, features] 
rpart.1.cv.1 <- rpart.cv(12422, rpart.train.1, RF.labe2, ctrl.3) 
prp(rpart.1.cv.1$finalModel, type=1, extra = 1, under = TRUE) 

Note the right branch of the tree is always no and left branch is yes 
so if the passenger title is Mr. or other it means perished 2. If 
Pclass=3 and family size is more than 4 peoples traveling together 
means perished. 

 
Fig. 15: Tree decision by a single tree 

In order to easily identify the prediction model and analysis results, 
we visualized the data as shown in (Figure 16) using the prp() 
function provided in R and output it to decision tree. 
prp(rpart.3.cv.1$finalModel, type = 0, extra = 101, under=TRUE) 

Fig. 16: The sample of by decision tree 

In general, a train data set is a data set with variable values that 
can be predicted by analyzing the label or survival. In this study, 
the goal is to create a prediction model using the Train data set, 
which is the meaning of the RF.2 model, which will be used to 
create a prediction model for the test data set. This process was 
tested to identify the key variables associated with the survival 

rate of the Titanic data and to determine the accuracy of the model. 
We have demonstrated the significance and accuracy of the title, 
Pclass, and family.size variables that relate survival and death to 
the random forest machine learning algorithm. Therefore, we use 
the following code to retrieve the last 418 rows indexed from 892 
to 1309 corresponding to the original test set, and create 
test.sub.dataframe by assigning three variables. As shown in the 
following (Figure 17), data.combined 1309 observations 18 varia-
bles and test.sub.dataframe are data sets with 418 observations 3 

variables. 
test.sub.dataFrame <- data.combined[892:1309, c("Pclass", "title", 
"family.size")] 

 
Fig. 17: Shown data sets bye observation and variable  

To improve data analysis results and models, we used the follow-
ing function rep() to create  tichet.party.size variable, which means 
how many peoples travels with the same ticket . ticket.party.size 
<- rep(0, nrow(data.combined)) 
Or, the average ticket price is described as the follows. 

avg.fare <- rep(0.0, nrow(data.combined)) 
It also created the possibility of a passenger traveling on a special 
ticket. 
tickets <- unique(data.combined$Ticket) 
In order to make it easier to predict survival, we would create 
ticket.party.size and age.fare variables as shown in the following 
code, and add them to the data to create a better decision tree. We 
need to make better variables with the possibility of this, so we 
created the desired variable as shown in the following code .  

for (i in 1:length(tickets)) { 
current.ticket<-tickets[i]party.indexes<- 
which(data.combined$Ticket == current.ticket) 
current.avg.fare <- data.combined[party.indexes[1], "Fare"] / 
length(party.indexes) 
for(k in 1:length(party.indexes)) { 
ticket.party.size[party.indexes[k]]<-length(party.indexes) 
   avg.fare[party.indexes[k]] <- current.avg.fare 

   } 
 } 
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data.combined$ticket.party.size <- ticket.party.size 
 data.combined$avg.fare <- avg.fare 
To create the most probable data frame, we used a c () function of 
R as follows to create a vector with five variables like, fea-
tures.final. 
features.final <- c("Pclass", "title", "family.size", "tick-
et.party.size", "avg.fare") 
After taking the first 1 to 891 rows corresponding to the train data, 

take a specific row of features.final and create a data frame called 
rpart.train.3. 
rpart.train.3 <- data.combined[1:891, features.final]  
Using this, we created a data frame that is most relevant to the 
survival rate as shown in (Figure 18). 

 
Fig. 18: The sample of rpart.train.3 data frame 

3.5. Cross validation 

rf.label <- as.factor (train $ Survived) this comment convert the 
data type as a factor, and used the following code to create 
rpart.3.cv1 for cross validation. 
rpart.3.cv.1 <- rpart.cv (12365, rpart.train.3, rf.label, ctrl.3) and 
the result of cross validation give us the 81.82% accuracy as 
shown in (Figure 19) [14]. 

 
Fig. 19: The sample of predictive accuracy 

4. Results 

Finally, we split the training data using R functions, analysis and 
found the variables correlations. As well as mentioned at the be-
ginning the original data have only 11 variable with 79% accuracy, 
we found the potential values of the variable  and increase it to 18 

variables  to make more accurate  and predictive. Created utility 
functions make more predictive data and convert the data types as 
needed for analysis. 
Sued the machine learning algorithm and R packages to make 
highly accurate for the prediction model. used the packages to 
visualize our predictions at the end we got 82.8% accuracy and 
then used the following code to leverage it to the test data set and 
we predict  268 perished and 150people survived on test data as 

submission data . 
test.submit.df <- data.combined[891:1309, features] 
rpart.3.preds<-predict(rpart.3.cv.1$finalModel, test.submit.df, 
type="class") 
table(rpart.3.preds)  
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