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“The sinking of the RMS Titanic is one of the most infamous 
shipwrecks in history. On April 15, 1912, during her maiden 
voyage, the Titanic sank after colliding with an iceberg, killing 
1502 out of 2224 passengers and crew. This sensational 
tragedy shocked the international community and led to 
better safety regulations for ships.

One of the reasons that the shipwreck led to such loss of life 
was that there were not enough lifeboats for the passengers 
and crew. Although there was some element of luck involved 
in surviving the sinking, some groups of people were more 
likely to survive than others.”  

From a Kaggle competition: “Titanic: Machine Learning from Disaster”, http://bit.ly/1f2crzi, data accessed 08/2014. 
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This data table describes the survival status of 1309 of the 1324 individual 
passengers on the Titanic. Information on the 899 crew members is not 
included.

Name:  Passenger Name
Survived:  Yes or No
Passenger Class:  1, 2, or 3 corresponding to 1st, 2nd or 3rd class
Sex:  Passenger sex
Age:  Passenger age
Siblings and Spouses:  The number of siblings and spouses aboard
Parents and Children:  The number of parents and children aboard
Fare:  The passenger fare
Port:  Port of embarkment (C = Cherbourg; Q = Queenstown; S = Southampton)
Home/Destination:  The home or final intended destination of the passenger
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Use Defaults
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Notice the 
Trees are 
being 
added 
together 
and then 
averaged
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Boosting is the process of building a large, additive decision tree by fitting a 
sequence of smaller trees. Each of the smaller trees is fit on the scaled residuals of 
the previous tree. The trees are combined to form the larger final tree. The process 
can use validation to assess how many stages to fit, not to exceed the specified 
number of stages.

The tree at each stage is short, typically 1-5 splits. After the initial tree, each stage fits 
the residuals from the previous stage. The process continues until the specified 
number of stages is reached, or, if validation is used, until fitting an additional stage 
no longer improves the validation statistic. The final prediction is the sum of the 
estimates for each terminal node over all the stages.

If the response is categorical, the residuals fit at each stage are offsets of linear 
logits. The final prediction is a logistic transformation of the sum of the linear logits
over all the stages. For categorical responses, only those with two levels are 
supported. [JMP, Chapter 3, Specialized Models, Partition Models]
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