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information from censored patients, those who did not 
have recurrence by their last follow-up visit, as well as 
from non-censored patients, those for which we know 
the time when they experienced PSA recurrence.  

In this paper, we introduce Censored Time Trees 
(cTT™) that extend regression trees [1] by taking into 
account the censored nature of survival data. Regression 
trees test features against some thresholds and have time 
predictions in the leaves.  They are attractive because they 
can be summarized as simple rules and can be viewed as 
feature selectors. When applied to prostate cancer, the 

™ can be seen as an 
which predicts the 

 recurrence-free within 

ression trees to apply 
-called survival trees. 
rees™ predict time in 
t from survival trees,  

4] or Kaplan Meier 
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xample, Davis and 
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lshen [5] use distance 
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In order to improve the time estimates, we employed 
predictions of several 

A recent paper by 
ng of survival trees to 

an-Meyer curve.  
A challenge when working with censored data is 

eaningful error for censored patients. This 
asurements and their 

ithms for constructing 
support vectors for 
(SVRc™). Then it 

describes several error measurements, the patient data and 
experimental results, and ends with conclusions.   
 
2. Censored time trees™ 
 

In regression, a data point consists of a vector of 
feature values and an observed time. For survival data, 
the observed time of a patient can be the actual event 
(e.g., PSA recurrence), or the date of the last follow-up. 
In the first case, the patient is non-censored, in the latter, 
he is censored. 
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For men that underwent radical pros
subsequent increase in PSA levels indicate
cancer has spread outside the prostate and m
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Our goal is to predict prostate specific andr
recurrence post-prostatectomy. The challenge i

 
Abstract 

 
The task of predicting prostate specific

(PSA) recurrence following radical prosta
important for the surveillance of patients wi
cancer. This regression problem is complicat
fact that data is censored, and there is no
measurement of error for censored data. T
applies modified regression trees, called Cens
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A regression tree [1] is a binary tree that
feature in each node, until a stopping criter
(e.g., the node has a small error or it has le
patients). Depending on the result of the test
branches will be followed. Each leaf of the tr
(constant value) time prediction for the patien
into that leaf by taking the average of the
times. The best split in a node is the one that m
the cumulative risk of its children. In regressio
observed times are non-censored, and the risk i
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e original tree. Th
of a sub-tree is assessed through a cost-co
measure that linearly combines the risk of the tree and its 
number of leaves. Cross-validation is employed to 
determine the pruning level αmin that achieves the 
minimum cost-complexity measure (see [1] for details). 
Finally, a chi-square test determines the smallest tree that 
has a cost-complexity measure close to that of the sub-
tree corresponding to αmin ([3]).  
 
2.1. Bagging censored time trees™ 
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Support vector machines ([11
developed for classification, their 
their ability to handle high dimensional data. Support 
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observed times contribute zero error (this is
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4. Measurements 
 
4.1. Concordance index 
 

The Concordance Index (CI) [15] is the probability of 
predicting in the correct order the times for two patients, 
given that 1) both patients recurred, or 2) the patient that 
recurred has an earlier observed time than the last follow-

produce a pruned sub-tree of th
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The ROC curve [16, 17] provides a visual 
interpretation of the tradeoff between sensitivity and 
specificity, by plotting the sensitivity vs. 1-specificity for 
different thresholds that split the predicted values into 
two classes. The AUC is defined as the probability that a 
(positive, negative) pair of patients is correctly ordered by 
the classifier [18, 19], which in our case means that the 
predicted time for the positive patient is less than for the 
negative patient. The AUC differs from the concordance 
index because it only compares pairs of patients from 
different classes (it does not compare pairs of positive 

non-censored patients nor pairs of negative non-censored 
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 predicted time, when the predicted time is less than 
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which we ran the experiments. These features include 
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nodes, margins, seminal vesicle invasion and extra 
capsular extension) and a measurement of PSA level in 
blood before the surgery. The 8 selected features were 
measured in all patients (there were no missing values). 
Out of them, 4 are binary, one is real and 3 are ordinal. 
 
5.2. Results 
 

We compared the following algorithms: one cTT™, 
bagging 25 cTT™, and SVRc™. The single Censored 
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5. Experiments 
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Time Tree™ is learned on the entire training
the SVRc™. For bagging, 25 bootstrap repl
replacement, stratified by censored status, are d
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The experts advised us that for predi
recurrence, sensitivity is more impo
because we do not want to miss patients that need 
treatment. For this reason, we chos
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sensitivity and specificity for on
cTT™ and SVRc™. One cTT™
sensitivity close to 1 and small
training and test data sets, and this

erv
 s

itive and negative classes relative to a thresho
onths, taking into account the censored st
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Figure 1. ROC curves on the test dataset 

 
Figure 1 displays the ROC curves on the test dataset 

for the three algorithms. The three ROC curves cross each 
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One  cTT™ 21.4 19.4 27.7 
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6. Conclusions 
 

This paper introduces a modification of re
ees that output time predictions and applies 

predicting PSA recurrence. The 
performance of cTT™ improves with bagging, 
slightly better than the performance of SVR
several error measurements including concordance index, 
AUC, and average error.  

In future work we will apply Censored Time Trees™ 
to datasets with additional types of features, such as 
biomarkers, and will assess their contribution to the 
algorithm’s performance. 
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