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We introduce random survival forests, a random forests method for the
analysis of right-censored survival data. New survival splitting rules for grow-
ing survival trees are introduced, as is a new missing data algorithm for im-
puting missing data. A conservation-of-events principle for survival forests is
introduced and used to define ensemble mortality, a simple interpretable mea-
sure of mortality that can be used as a predicted outcome. Several illustrative
examples are given, including a case study of the prognostic implications of
body mass for individuals with coronary artery disease. Computations for all
examples were implemented using the freely available R-software package,
randomSurvivalForest.

1. Introduction. In this article we introduce random survival forests, an en-
semble tree method for analysis of right-censored survival data. As is well known,
constructing ensembles from base learners, such as trees, can substantially im-
prove prediction performance. Recently it has been shown by Breiman (2001) that
ensemble learning can be improved further by injecting randomization into the
base learning process, an approach called random forests. Random survival forests
(RSF) methodology extends Breiman’s random forests (RF) method. In RF, ran-
domization is introduced in two forms. First, a randomly drawn bootstrap sample
of the data is used to grow a tree. Second, at each node of the tree, a randomly
selected subset of variables (covariates) is chosen as candidate variables for split-
ting. Averaging over trees, in combination with the randomization used in grow-
ing a tree, enables RF to approximate rich classes of functions while maintain-
ing low generalization error. Considerable empirical evidence has shown RF to be
highly accurate, comparable to state-of-the-art methods such as bagging [Breiman
(1996)], boosting [Schapire et al. (1998)], and support vector machines [Cortes
and Vapnik (1995)].

Until now, applications of RF have focused primarily on classification and re-
gression problems. Even the popular R-software package randomForest [Liaw
and Wiener (2002, 2007)] considers only regression and multiclass data settings,
not survival analysis. Extending random forests to right-censored survival data is
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5.2. OOB prediction error. Calculating C requires a predicted outcome. We
use the OOB ensemble CHF to define a predicted outcome similar to ensemble
mortality described in Section 4.1. Because this value is derived from OOB data,
it can be used to obtain an OOB estimate for C, and, consequently, an OOB error
rate.

Let to1 , . . . , tom denote pre-chosen unique time points (we use the unique event
times, t1, . . . , tN ). To rank two cases i and j , we say i has a worse predicted
outcome than j if

m∑
l=1

H ∗∗
e (tol |xi ) >

m∑
l=1

H ∗∗
e (tol |xj ).

Using this rule, compute C as outlined above. Denote the OOB estimate by C∗∗.
The OOB prediction error, PE∗∗, is defined as 1 − C∗∗. Note that 0 ≤ PE∗∗ ≤ 1
and that a value PE∗∗ = 0.5 indicates prediction no better than random guessing.

6. Empirical comparisons. Here we report the results of an experiment de-
signed to study prediction accuracy of RSF. Prediction performance was calculated
using the C-index, C, of Section 5.

Eleven datasets were used in the experiment; eight were distinct. One of these,
node-positive breast cancer data studied in Hothorn et al. (2006), was used to cre-
ate three additional datasets. To study stability in high-dimensional settings, 10,
50 and 100 uncorrelated variables representing noise were drawn from a uniform
distribution and were added to the data. We refer to these data as breast10, breast50
and breast100, and the original dataset as breast. Of the remaining seven datasets,
four are provided in the randomSurvivalForest R-package. These are as
follows: veteran’s administration lung cancer data from Kalbfleisch and Pren-
tice (1980) (veteran); primary biliary cirrhosis data from Fleming and Harrington
(1991) (pbc); burn patient data from Kalbfleisch and Prentice (1980) (burn); and
recidivism data from Rossi, Berk and Lenihan (1980) (recid). The remaining three
datasets were a prostate dataset described in Kattan (2003) (prostate), a dataset
comprising patients listed for heart transplant at Cleveland Clinic (transplant), and
early stage esophageal cancer data considered in Ishwaran et al. (2004) (esopha-
gus).

Computations were implemented using randomSurvivalForest software
under its default settings [Ishwaran and Kogalur (2007, 2008)]. In each instance
1000 trees were grown. Each of the four splitting rules available in the software
package were used. These were as follows [for more details see Ishwaran and
Kogalur (2008)]:

1. A log-rank splitting rule (logrank) that splits nodes by maximization of the log-
rank test statistic [Segal (1988), LeBlanc and Crowley (1993)].

2. A conservation-of-events splitting rule (conserve) that splits nodes by finding
daughters closest to the conservation-of-events principle.
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3. A log-rank score rule (logrankscore) that splits nodes using a standardized log-
rank statistic [Hothorn and Lausen (2003)].

4. A random log-rank splitting rule (logrankrandom). A random split is selected
for each of the p candidate variables in a node, and the variable with maximum
log-rank statistic (at its random split point) is used to split the node.

As a benchmark, we used Cox regression. The RF approach of Hothorn et al.
(2006) was also included for comparison. In this latter method, 1000 regression
trees were grown. Each tree was derived from bootstrap data where each observa-
tion was sampled with probability equal to its IPC weight (censored observations
had IPC weights of zero). IPC weights were calculated from the Kaplan–Meier es-
timate for the censoring distribution as recommended in Hothorn et al. (2006). RF
regression with log-transformed time as the outcome was used to grow each tree.
Predicted values were tree-weighted averaged values of log-transformed survival
time using weights as described in Step 4 of Section 3.1 in Hothorn et al. (2006).

To estimate prediction error, 100 independent bootstrap samples of each data
set were used. Each method was fit on the bootstrap data and prediction error was
estimated using the corresponding OOB data. For RSF, this method of estimation
differs from the OOB method discussed in Section 5. Although OOB error estima-
tion could have been employed, not doing so by-passes a potential problem with
the RF censored regression approach. Sometimes a case will receive a very large
IPC weight and appear in all or nearly every bootstrap sample, thus precluding
accurate OOB prediction for that case [Hothorn et al. (2006)].

When computing the C-index, each method used a different predicted outcome.
For RSF, ensemble mortality was used. For RF regression and Cox regression,
predicted survival time and the Cox linear predictor were used, respectively.

Results from our experiment are shown in Figure 1. Our findings are summa-
rized as follows:

1. In nearly all examples, RSF using logrank and logrankscore splitting had the
lowest prediction error. Conservation of events splitting was also very good.

2. Interestingly, RSF using the logrankrandom splitting rule was good in all exam-
ples. Because this splitting rule is significantly faster, its performance suggests
it might be the preferred method in settings where computational speed is es-
sential.

3. Prediction errors from breast10, breast50 and breast100 demonstrated all forest
methods were stable in the presence of noise variables. Cox regression, in con-
trast, became progressively worse as the number of noise variables increased.

4. Performance of RF regression depended strongly on the censoring rate. For the
transplant and veteran data, where almost all cases were deaths, performance
was good. For the prostate and esophagus data, where censoring was higher,
performance was poor.
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FIG. 1. Boxplots of estimated prediction error (calculated using by C-index of Section 5) from
100 independent bootstrap replicates. Prediction error estimated on out-of-bag data. Dots in box-
plots indicate mean values; horizontal lines are medians. Methods compared were as follows: Cox
(Cox-regression); RF (RF for censored data [Hothorn et al. (2006)]; RSF1 through RSF4 (RSF using
log-rank, conservation-of-events, log-rank score and random log-rank splitting). All forest analyses
comprised 1000 trees. Datasets are indicated above each boxplot in bold.
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7. Variable importance (VIMP). Variables can be selected by filtering on
the basis of their variable importance (VIMP). To calculate VIMP for a variable x,
drop OOB cases down their in-bag survival tree. Whenever a split for x is encoun-
tered, assign a daughter node randomly. The CHF from each such tree is calculated
and averaged. The VIMP for x is the prediction error for the original ensemble sub-
tracted from the prediction error for the new ensemble obtained using randomizing
x assignments [Breiman (2001), Ishwaran (2007)].

Large importance values indicate variables with predictive ability, whereas
zero or negative values identify nonpredictive variables to be filtered. Under the
C-index, one can interpret VIMP in terms of misclassification. Recall the C-index
estimates the probability of correctly classifying two cases. Thus, VIMP for x mea-
sures the increase (or drop!) in misclassification error on the test data if x were not
available.

One should be careful interpreting VIMP. Although tempting, it is incorrect to
think VIMP estimates change in prediction error for a forest grown with and with-
out a variable. For example, if two variables are highly correlated and both pre-
dictive, each can have large VIMP values. Removing one variable and regrowing
the forest may affect the VIMP for the other variable (its value might get larger),
but prediction error will likely remain unchanged. VIMP measures the change in
prediction error on a fresh test case if x were not available, given that the original
forest was grown using x. Although, in practice, this often equals change in pre-
diction error for a forest grown with and without x, conceptually the two quantities
are different.

To examine the empirical properties of VIMP, we re-analyzed the breast cancer
datasets used in Section 6. For each dataset, a forest of 1000 trees was grown
using log-rank splitting. VIMP for each variable in each dataset was recorded. The
analysis was repeated 100 times independently and VIMP averaged over the runs
(Table 1).

Table 1 shows VIMP to be reasonably stable across datasets. In some instances,
VIMP increases or decreases slightly for a variable as number of noise variables
increases, but the ranking and relative size of VIMP is reasonably consistent. Also
apparent from the table is the ability of VIMP to identify noise variables. The
average absolute VIMP for noise variables in breast10, breast50 and breast100
is 0.001, and number of noise variables with VIMP exceeding 0.002 is 0.21 on
average for breast100. This latter observation can be used as a means for thresh-
olding variables, because any variable with a VIMP exceeding 0.002 is unlikely to
be noise. Hence, we can conclude positive nodes, age, and progesterone are highly
predictive, and hormone therapy and estrogen are moderately predictive. However,
menopause, tumor size and tumor grade are unlikely to be predictive.

8. Missing data. One of the earliest algorithms for treating missing data in
CART was based on the idea of a surrogate split [Chapter 5.3, Breiman et al.
(1984)]. If s is the best split for a variable x, the surrogate split for s is the split
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FIG. 2. Predicted five-year survival versus body mass index (kg/m2), conditioned on creatinine
clearance (ml/min) and smoking history. Curves are smoothed using lowess and stratified by number
of internal thoracic artery grafts (black = 0; red = 1; green = 2; blue = combined). Analysis of
CABG data based on RSF using 1000 trees with log-rank splitting.

when patients have at least one internal thoracic artery graft (green and red curves).
These patients have additional coronary artery protection, and the protection that
this confers masks the lesser effect of smoking. The effect of smoking on survival
is also less apparent in patients with abnormal creatinine clearance levels. Again,
this is because the effect is being masked, in this case by renal dysfunction.

10. Discussion. In this paper we have introduced RSF, a new extension of
Breiman’s forests method [Breiman (2001)], to right-censored survival data. A ran-
dom survival forest consists of random survival trees. Using independent bootstrap
samples, each tree is grown by randomly selecting a subset of variables at each
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node and then splitting the node using a survival criterion involving survival time
and censoring status information. The tree is considered fully grown when each
terminal node has no fewer than d0 > 0 unique deaths. The estimated CHF for a
case is the Nelson–Aalen estimator for the case’s terminal node. The ensemble is
the average of these CHFs. Because trees are grown from in-bag data, an OOB
ensemble can be calculated by dropping OOB cases down their in-bag survival
trees and averaging. The predicted value for a case using the OOB ensemble does
not use survival information for that case, and, therefore, it can be used for nearly
unbiased estimation of prediction error. From this, other useful measures can be
derived, such as VIMP values for filtering and selecting variables.

RSF incorporates many of the useful ideas promoted by Breiman (2001). At
the same time, we have proposed new ways to extend the methodology. A novel
missing data algorithm was introduced that can be used for both training and test-
ing data and that provides nearly unbiased estimates for error rates even with large
amounts of missing data.

A large experiment was used to assess prediction accuracy of RSF. Over a wide
range of real as well as simulated datasets, we found RSF to be consistently better
than, or at least as good as, competing methods. Since the introduction of RF to
the machine learning community, there has been a tremendous effort to document
its empirical performance. Our results confirm what has generally been found: RF
produces highly accurate ensemble predictors.

We have also illustrated the ease with which RSF can be applied to real data
settings to uncover highly complex interrelationships between variables. Our case
study involving coronary artery disease found important relationships among re-
nal function, body mass index, and long-term survival that help explain much of
the confusion reported in the literature on this controversial topic. Complex rela-
tionships like this are found with ease using tools such as VIMP in combination
with the highly adaptive nature of forests. In contrast, conventional methods are
much less automatic and require considerable subjective input from the user in
data settings where variables are highly interrelated.
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