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Abstract 

In medical research problems, survival analysis is usually conducted with some 

method based on the Cox proportional-hazards (CPH) model, in which included 

covariates are usually based on subject matter knowledge. When multivariable and 

non-linear relations are present, this can be problematic since CPH only recognizes 

linear, univariable relations. Therefore, this thesis compares the use of ordinary CPH-

models in combination with stepwise procedures based on AIC to the new, data-

driven, non-parametric method called Random Survival Forests (RSF) to find 

influential covariates on survival in colorectal cancer with respect to results and 

prediction error. The dataset was received from the colorectal cancer research 

network at the Department of Medical Biosciences, Pathology, Umeå University and 

consists of 589 colorectal cancer patients. The results show that some novel covariates 

have impact on survival and that the set of influential covariates differ somewhat 

between the methods. This is likely caused partly by violations of model assumptions 

in the CPH-models, and partly because the CPH miss out on important non-linear, 

multivariable effects that are incorporated in the RSF-models.  Further support of this 

notion and a strong argument for using RSF for similar problems is the consistently 

lower prediction error and lesser variability of prediction error found in the RSF-

models compared to the CPH-models.  
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Sammanfattning 

Överlevnadsanalys inom medicinsk forskning genomförs vanligtvis med metoder 

baserade på Cox proportional-hazards (CPH) model, där inkluderade variabler ofta 

bestäms utifrån ämneskunskaper. Att använda CPH-modeller kan vara problematiskt 

när sambanden är multivariabla och icke-linjära eftersom sådana modeller endast kan 

påvisa linjära, univariabla samband. I den här studien jämförs därför resultat och 

prediktionsfel hos CPH med en ny datadriven metod kallad Random Survival Forests 

(RSF) i fallet att hitta variabler med påverkan på överlevnad i tjocktarmscancer. 

Datamaterialet är tillhandahållet av forskningsnätverket för tjocktarmscancer vid 

Patologi, Institutionen för medicinsk biovetenskap, Umeå Universitet och består av 

589 fall av tjocktarmscancer. Resultaten visar att flera icke-traditionella variabler har 

inverkan på överlevnad och att mängden influerande variabler skiljer sig något mellan 

de olika metoderna. Anledningen till skillnaderna är sannolikt att CPH missar de icke-

linjära, multivariabla effekter som automatiskt upptas i RSF. Ytterligare empiriskt 

stöd för en sådan tes och ett starkt argument för användandet av RSF i liknande 

problem är det genomgående lägre prediktonsfelet samt mindre variation hos 

prediktionsfelet som funnits hos RSF-modellerna jämfört med CPH-modellerna.  

Titel: Variabelselektion för överlevnadanalys i tjocktarmscancer - En praktisk  

jämförelsestudie mellan Random Survival Forests och Cox Proportional-Hazards  

model 



Populärvetenskaplig Sammanfattning 

För att hitta faktorer som påverkar överlevnadstid i exempelvis cancer använder 

medicinska forskare vanligtvis metoder baserade på en statistisk metod kallad Cox 

proportional-hazards (CPH) model. Problemet med detta är att de mer komplexa 

samband som är vanliga mellan faktorer och överlevnadstid inte alltid fångas upp i 

sådana metoder. I den här studien används dels CPH samt dels en ny metod som 

automatiskt upptar sådana komplexa samband, Random Survival Forests (RSF), för 

att hitta samband mellan en mängd, för den medicinska forskningen, intressanta 

faktorer och överlevnadstid i tjocktarmscancer. Datamaterialet som används är 

levererat av cancerforskare vid Umeå Universitetssjukhus. Resultaten visar att de 

faktorer som funnits påverka överlevnadstid i tjocktarmscancer skiljer sig något 

mellan metoderna. Anledningen till detta är sannolikt att de mer komplexa sambanden 

inte hittas i de traditionella CPH-modellerna, vilket stöds av det faktum att de nya 

RSF-modellerna visade sig bättre på att prediktera överlevnad hos patienterna än 

CPH-modellerna.  
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1. Introduction 

Colorectal cancer (CRC), one of the most common and most fatal malignancies in 

modern time western countries, is widely considered to be a highly heterogeneous 

group of cancers (Dahlin et al., 2010). While early CRC research focused on the 

clinico-pathological covariates and their impact on different aspects of the disease, 

more recent studies have shifted the attention to molecular features of the tumor, 

which broadly differs between cases and is thought to allow creation of subgroups of 

CRC cases (Jass, 2007) (Rasuck et al., 2012). If such subgroups in reality differ in 

prognosis, prognosis prediction, survival or response to treatment, it might be possible 

to streamline and individualize treatment procedures to improve said qualities. 

Therefore, it is of interest to evaluate the effect on survival in CRC of different 

molecular level- and other novel covariates, as well multivariable effect of groupings 

of covariates.  

 In practice, survival analysis is often performed using linear, semi-parametric 

models such as the Cox proportional-hazards (CPH) model. Which covariates to 

include in the model are usually based on subject matter knowledge and sometimes 

stepwise procedures based on, e.g., the Akaike information criterion (AIC). However, 

when dealing with molecular level data, large correlations between covariates as well 

as non-linear or multivariable relations can make linear methods such as CPH 

unfitting to the problem and covariate selection challenging (Ishwaran et al., 2010). 

For this reason, Ishwaran et al. (2010) suggested the use of data-driven ensemble 

methods for covariate selection and prediction in survival analysis.  

 This thesis will explore the effect of a set of novel covariates on survival in 

CRC. The purpose is to use data-driven ensemble methods to explore the covariates 

influence on survival and compare the results as well as performance of such methods 

to more commonly used methods in medical research.  

 Specifically, the main method used to search for covariates with predictive 

ability is the non-parametric ensemble method called Random Survival Forests (RSF) 

developed by Ishwaran et al. (2008). The results of such a model will be compared to 

those of a conventional semi-parametric CPH-model combined with stepwise 

procedures based on AIC. The data used is a subgroup of patients from the Colorectal 

Cancer in Umeå Study (CRUMS).  
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A similar comparison between methods for covariate selection in survival 

analysis was made in Datema et al. (2012) for head and neck cancer data. They found 

little or no difference in prediction error for the methods. Furthermore, Manilich et al. 

(2011) used RSF to analyze CRC cancer staging, but the use of this method to analyze 

the effect of molecular level and other novel covariates on CRC survival is, to the 

author’s knowledge, new. Also, earlier studies, such as Kang (2011),  that analyzed 

differences in survival for molecular covariate based subgroups of CRC had fewer 

observations and did not incorporate as many covariates as in this study. 

The thesis is structured as follows: The next section describes the CRUMS 

dataset in general and the covariates used in particular. The third section introduces 

the two methods used to model survival in the dataset. The fourth section displays the 

results of the analysis. Last, some conclusions are drawn and a general discussion of 

the effectiveness of the different methods is held. 

2. Data 

The CRC patients included in the dataset are from the Colorectal Cancer in Umeå 

Study (CRUMS). The dataset was retrieved from Associate Professor Bethany van 

Guelpen and Professor Richard Palmquist, both at the Department of Medical 

Biosciences, Pathology, Umeå University, and active in the colorectal cancer research 

network in Umeå. The dataset consists of 589 patients who underwent primary CRC 

resection surgery at Umeå University Hospital (Umeå, Sweden) between the years 

1995-2003.  The follow up of patients ended in 2005. The use and handling of the 

dataset was approved by the ethical committee, Umeå University, and the Swedish 

National Computer Data Inspection Board.  

Two definitions of survival were applied: cancer-specific and disease-free 

survival. Cancer-specific survival is defined as time in months from diagnosis until 

death in cancer. Patients that were alive until the end of follow up or died from other 

causes are considered right-censored. Of the 589 patients, 67 percent were right-

censored. Disease-free survival is defined as time in months from surgery until cancer 

recurrence. Patients showing no signs of cancer recurrence are considered right-

censored. In this definition, 61 percent of the patients were right-censored. 41 

covariates in total were available to analyze survival, all of which are presented in 

Table 1.  
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Among the covariates are patient information such as patient sex and age, clinico-

pathological covariates such as cancer stage, and molecular level covariates such as 

KRAS- and BRAF mutation, CIMP, and MSI/MSS. Stage and Grade are two clinico-

pathological covariates considered to be highly important in predicting patient 

prognosis, and are therefore expected to be among the most influential covariates on 

survival. Stage measures depth of bowel wall infiltration and to what level the tumor 

has spread, and hence works as a measure of patient prognosis. Stage is measured on 

a scale from one to four, where four is the worst prognosis and one is the best. Grade 

measures resemblance of tumor tissue to the tissue of origin and is an indicator of 

how quickly the tumor is likely to spread. High-Grade tumors have tumor tissue with 

high resemblance to the tissue of origin and are thus more likely to spread more 

quickly. For more information on the remaining covariates or the CRUMS data in 

general, see Dahlin (2011).  

While the univariable- and multivariable effects of all covariates and 

groupings of covariates are of interest, the main focus lies on the novel covariates. For 

some of the covariates the influence on survival is undisputed, but in research 

problems like the one at hand it is important to include them so that the predicted 

outcome accounts for all possible relations and covariates that affect survival.  

In the dataset, around 60 percent of the patients had a missing value on at least 

one covariate. However, the average amount of missing values per covariate was 

around 20 percent, and no single covariate had missing values for more than 30 

percent of the patients.   
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Table 1. Descriptive statistics for the available covariates. 

Covariate n Frequency (%) 
or mean ± SD   Covariate n Frequency (%) 

or mean ± SD 
Age    CD163F   

<62.5 144 25.0  1 138 29.5 
62.5 - 71 145 25.2  2 202 43.2 

71 - 78 154 26.8  3 114 24.4 
>78 132 23.0  4 14 3.0 

Sex    CD68Hotspot   
Female 261 45.6  1 24 5.0 

Male 311 54.4  2 89 18.5 
Stage    3 202 42.1 

1 77 15.2  4 165 34.4 
2 197 38.9  CRABP1m   
3 110 21.7  PMR < 10 358 71.7 
4 122 24.1  PMR > 10 141 28.3 

Grade    CDKN2Am   
1 10 2.0  PMR < 10 358 71.7 
2 237 46.4  PMR > 10 141 28.3 
3 214 41.9  MLH1m   
4 50 9.8  PMR < 10 447 89.6 

Site    PMR > 10 52 10.4 
Left colon 175 30.8  CACNA1Gm   

Right colon 173 30.5  PMR < 10 417 83.6 
Rectum 220 38.7  PMR > 10 82 16.4 

Invasion    IGF2m   
1 43 8.8  PMR < 10 406 81.4 
2 105 21.4  PMR > 10 93 18.6 
3 256 52.1  NEUROG1m   
4 87 17.7  PMR < 10 350 70.1 

MMR    PMR > 10 149 29.9 
MSI 74 15.4  RUNX3m   
MSS 408 84.6  PMR < 10 395 79.2 

CIMP    PMR > 10 104 20.8 
negative 248 49.7  SOCS1m   

low 189 37.9  PMR < 10 433 86.8 
high 62 12.4  PMR > 10 66 13.2 

BRAF    SMAD4   
mutated 69 14.1  ≤ 5% 139 29.0 

wild type 421 85.9  5-33% 247 51.6 
KRAS    ≥ 33% 93 19.4 

mutated 94 19.1     
wild type 397 80.9     

      (continued) 
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Covariate n Frequency (%) 
or mean ± SD   Covariate n Frequency (%) 

or mean ± SD 
FAP_TC    PTEN   

0 72 15.8  1 68 13.8 
1 215 47.3  2 27 5.5 
2 113 24.8  3 332 67.6 
3 55 12.1  4 64 13.0 

FAP_TF    BetacatenineTC   
0 47 10.3  0 1 0.2 
1 114 24.9  1 210 42.5 
2 137 29.9  2 84 17.0 
3 160 34.9  3 199 40.3 

p53    BetacatenineTF   
≤ 5% 102 21.1  0 1 0.2 

5-25% 90 18.6  1 164 33.3 
≥ 25% 291 60.2  2 26 5.3 

CD3    3 302 61.3 
1 142 31.5  Radiation   
2 165 36.6  0 464 81.7 
3 144 31.9  2 104 18.3 

CD3F    Vesselinvasion   
1 155 33.6  1 85 16.5 
2 189 41.0  2 371 71.9 
3 95 20.6  3 60 11.6 
4 22 4.8  lgllant 506 6.1 ± 4.2 

CD3C    lglmet 506 1.2 ± 2.3 
1 123 25.5  t_front   
2 263 54.5  1 166 32.8 
3 75 15.5  2 340 67.2 
4 22 4.6  t_type   

CD3TIL    1 82 16.1 
1 194 40.6  2 428 83.9 
2 183 38.3  iNOSF   
3 73 15.3  1 158 33.3 
4 28 5.9  2 221 46.6 

CD68TF    3 86 18.1 
1 61 12.7  4 9 1.9 
2 264 55.1  EGFRF   
3 136 28.4  0 165 42.7 
4 18 3.8  1 106 27.5 

PI3K20    2 99 25.6 
1 10 2.1  3 16 4.1 
0 473 97.9     
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3. Methods 

Two different methods to analyze right-censored survival in the dataset were used, the 

commonly applied CPH and the more recently proposed RSF. These methods differ 

markedly in both model assumptions and procedure. Each method is described 

separately below.  

3.1 Cox Proportional-Hazards Model 

CPH, originally proposed by Cox (1972), is an extensively used model for analyzing 

right-censored data. In particular, CPH is a semi-parametric method that models the 

risk of an event (henceforth death), or hazard, for an individual i at a certain point in 

time t, ℎ!(!). The theoretical model is set up as: 

 

 ℎ! ! = ℎ! ! !e!!!!" , (1) 

 

where !!!!  is the linear predictor with parameter vector !! = (!!,… ,!!)  and 

covariate vector !!" = (!!!,… , !!"). ℎ! !  is the baseline hazard, which represent the 

hazard of an individual with all covariates equal to zero. The functional form of the 

baseline hazard in the model is unspecified, and thus non-parametric. Compare this to 

the other part of the model, which is parametrically specified by the linear predictor. 

The model assumes that the parametric part is proportional to the non-parametric 

baseline hazard, hence the name Cox proportional-hazards model. This means that 

for two individuals, i and j, the hazard ratio 

 

 
ℎ! !
ℎ! !

= e!!!!"!
e!!!!"!

  

 

is assumed to be independent of time, t. Because of the non-parametric baseline 

hazard, the parameters in CPH is estimated with the method of maximum partial 

likelihood proposed by (Cox, 1972) instead of ordinary maximum likelihood.   

The strength of CPH lies in the simplicity of the regression outline and the 

easily interpreted results. However, the model assumptions required, such as linearity 

and proportional hazards, are large potential drawbacks. For instance, non-linear 

effects must be explicitly modeled by more or less complex transformations often 

unknown to the analyst before the analysis. Additionally, high correlations between 
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covariates, a notion common in medical datasets, harmfully affect the interpretability 

of the results. Furthermore, interaction effects must be found and modeled manually, 

that is by examining all two-way or three-way interactions or by relying on subject 

matter knowledge.  

 

3.2 Random Survival Forests 

RSF is a non-parametric machine learning method developed by Ishwaran et al. 

(2008), who based their work on Random Forests (RF) developed by Breiman (2001). 

To facilitate understanding of RF, decision trees are first explained. A decision tree is 

basically a tree-chart that consists of a number of nodes and where each branch is the 

result of a series of test. Starting from the root of the tree, at each node, a binary split 

is made which divides the data into two daughter nodes. This process is repeated until 

some constraint is met. To lower variance the combined results of several trees, called 

an ensemble of trees or a forest, is often used.  Breiman showed that introducing 

randomization into the construction of decision trees by randomly choosing a set of 

covariates at each node, then splitting on the covariate that gives the greatest 

difference in daughter node groups greatly could improve prediction performance in 

an ensemble. Deciding the greatest difference between daughter node groups is made 

by some statistical test, for instance in our case the log rank test for survival data. 

Taking this concept to survival analysis, Ishwaran et al. (2008) developed RSF. 

Forests are known to be exceptional predictors and RSF has recently been proven to 

result in a uniformly consistent estimator of the true survival function (Ishwaran and 

Kogalur, 2010). The strength of the RSF method lies in its data-driven, non-

parametric nature. In contrast to CPH, the RSF-model incorporates all univariable- 

and multivariable effects automatically (Ishwaran et al., 2008). Another strength of 

RSF is that it can find influential covariates in highly correlated subsets of covariates, 

which is particularly useful in high-dimensional covariate selection problems 

(Ishwaran et al., 2010).  
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The RSF algorithm is summarized as follows: 

 

1. Draw B bootstrap samples from the dataset. Each bootstrap sample uses about 

two thirds of the data, the remaining third called out-of-bag (OOB) data, is 

later used for prediction and validation. 

2. Grow a decision tree for each bootstrap sample by randomly selecting q of the 

covariates at each node h of the tree. Binary split on a covariate by using a 

splitting criterion, for instance the log-rank test for right-censored data. The 

node is split on the covariate that maximizes the difference between the two 

daughter nodes according to the splitting criterion.  

3. Grow the tree as long as the terminal node, the most extreme node, has no less 

than d0 deaths. 

4. Calculate the estimated cumulative hazard function (CHF) for each individual 

from the terminal nodes of each tree. Average over the trees to get the 

ensemble CHF estimates.  

5. Use the OOB data to compute prediction error rate. 

 

The key estimate produced is the ensemble CHF, which is calculated as follows. At a 

specific terminal node h, let !!,! denote the death times for individuals in h. Then let 

!!,!  and !!,!  be the number of deaths and the individuals at risk at time !!,! 

respectively. The Nelson-Aalen estimator of the cumulative hazard function 

suggested by Nelson (1972) is defined as: 

 

 !! ! = !!,!
!!,!!!,!!!

!.  

 

The number of CHF estimates in a tree equals the number of terminal nodes. The 

CHF estimate for a newly observed individual i with covariate vector !!, !! !|!! , is 

calculated by dropping !! down the tree. The terminal node for i gives the CHF 

estimate as: 

 

 

!! !|!! = !!! ! , !"#!!! ∈ ℎ. 
 

(2) 
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The estimate (2) for each tree is used to create an OOB ensemble average. Let 

!! !|!!  represent the estimate (2) for each tree ! = 1,… ,!, and let !!,! = 1 if i is an 

OOB data point for b, otherwise let !!,! = 0. The OOB ensemble CHF estimator for i 

is acquired by averaging !! !|!!  over the bootstrap samples where individual i is an 

OOB value: 

 

 !!∗ !|!! = 1
!!,!!

!!!
!!,!

!

!!!
!! !|!! .  

 

Using the definition of the CHF and the reasoning of Breslow (1972) one can obtain 

the OOB ensemble survival function estimator for i: 

 

 !!∗ ! !! = !!!!∗ !|!! .  

 

The relatively low amount of missing values for each covariate in the dataset 

allows for data imputation. Thus, to mitigate the problem of potentially biased results 

without losing sample size, the data was imputed with the RSF-based imputation 

method introduced by Ishwaran et al. (2008). Ishwaran et al. (2008) only showed high 

accuracy for the imputation method in datasets with up to 50 percent missing data. 

They did, however, propose that iterating the imputation procedure would cause 

imputation accuracy to stabilize on high levels even in datasets with over 50 percent 

missing observations.  
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3.3 Prediction Error 

In this thesis, the prediction error rate of the methods is measured by using the 

Concordance index (C-index) established by Harrell (1982). To understand the C-

index, a definition of worst predicted outcome is needed. For the RSF-models, 

individual i has by definition a worse predicted outcome than j if:. 

  

 !!∗ !!!|!!
!

!!!
> !!∗ !!!|!!

!

!!!
  

 

where !!! ,… , !!!  are the unique death times in dataset. For the CPH-models the same 

principle is used, but with predicted outcome being the estimated linear predictor in 

(1). The C-index is interpreted as the estimated probability that of a random pair of 

individuals, the individual that died first had the worst predicted outcome. From this, 

the C-index prediction error rate is defined as, C-error = 1-[C-index]. The entire 

algorithm can be found in (Ishwaran et al., 2008). C-error is a measure between 0 and 

1, where 0 indicates perfect prediction and 0.5 implies a model predicting no better 

than guessing. To obtain the OOB C-error, C-error is calculated by using the OOB 

data. There are two main arguments for using C-index based error measure for 

survival analysis (Ishwaran et al., 2008). First, the C-index does not require one to 

pick a certain time for evaluation. Second, the method incorporates censoring of 

individuals.  

3.4 Covariate Selection 

For the RSF method, one of the measures used to find covariates affecting survival is 

called Variable Importance (VIMP). It was originally proposed for Regression and 

Classification Trees (CART) by Breiman (2001) and further assessed to fit RSF by 

Ishwaran (2007). To access VIMP for a covariate y, each observation in every 

bootstrap sample is dropped down its corresponding tree and whenever covariate y is 

encountered, one of the two possible daughter nodes is assigned randomly. This 

procedure is called nosing-up the process. Prediction error is then calculated and 

averaged over all the trees for the noised-up process. VIMP for y is the prediction 

error of the original forest subtracted from the prediction error of the noised up 

process. Thus, a positive value indicates a predictive covariate. Negative values or 

values equal to zero indicates a non-predictive covariate. Since the VIMP procedure 
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contains random elements, the values of VIMP for the same model can vary from one 

RSF procedure to another. This seldom affects the strong effecting covariates, 

however it can cause uncertainty about the weaker effecting covariates. Independently 

repeating the VIMP procedure and averaging over the procedures consequently makes 

the predictiveness of covariates more interpretable. Other problems with using VIMP 

in RSF analysis are that covariate splits closer to the root node often have higher 

effect on prediction error, and thus an effect on VIMP (Ishwaran et al., 2010). 

Furthermore, VIMP depend on the choice of prediction error measure, which means 

the results can vary with choice of measure. Therefore, in addition to VIMP analysis, 

another method for finding predictive covariates in RSF is presented below. 

The other method for covariate selection used for RSF-models in this study is 

the use of so called maximal subtrees and, by extension, the measure Minimal depth 

(Md) suggested by Ishwaran et al. (2010). This method is especially applicable in the 

presence of high-dimensional data studies because of the independence of prediction 

error measure and absence of random elements. To define Md, some other definitions 

are in order. Call !! a y-subtree if the root node of the tree !! is split using y. !! is a 

maximal subtree if !! is not a subtree of some other larger y-subtree. Let !! be the 

distance from the root node of tree T to the nearest maximal y-subtree. !! is called the 

Md of y. Md thus measures the distance an observation falls down T before 

encountering a first split on y. This measure can be used as an indicator of y’s impact 

on survival, the lower the Md for y, the larger the impact on survival. Ishwaran et al. 

(2010) showed that a covariate with values of Md below the mean of the tree-

averaged distribution of Md for all covariates is very likely to own strong predictive 

ability. Furthermore, Ishwaran et al. (2010) also introduced a more conservative 

threshold in the selection of influential covariates by using a marginal approximation 

to the Md-distribution instead of the tree averaged distribution which usually 

discovers more covariates. Md-analysis can also favorably be used to find interaction 

effects of covariates by studying second-order maximal subtrees. For covariate y and 

z, a second-order maximal (z, y)-subtree is defined as a maximal z-subtree inside a 

maximal y-subtree. By finding covariates with maximal subtrees close to the root of 

another covariate’s maximal subtree, interaction effects can be found.  
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As mentioned, high-dimensional covariate selection problems in medical 

studies are usually assessed with CPH based methods. Covariate selection in such 

models is often conducted subjectively by an analysist with presumably sufficient 

subject matter knowledge. There are also several data-driven CPH based methods, 

more or less applied. A range of some of those methods are referenced in Ishwaran et 

al. (2010). In this study, a backwards stepwise CPH-model built on the Akaike 

information criterion (AIC), is applied. In a general interpretation, AIC measures the 

information lost in a given model compared to the saturated model. The advantage of 

this criterion is that it is applicable on many linear models, and easaliy implemented 

and interpreted (Faraway, 2006).  

 

The algorithm for a backwards stepwise AIC CPH is: 

 

1. Start with a model containing all covariates of interest 

2. At each step, the covariate resulting in the lowest decrease in AIC is 

omitted. 

3. The process is stopped when AIC starts to increase with each step. The 

model in the last step before AIC increases is the final model.   
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4. Results 

Computations were made using R (R Development Core Team, 2009). The main R-

packages used for the different methods were the randomForestSRC package 

(Ishwaran and Kogalur, 2013) and the survival package (Therneau, 2013).  

The results will be presented with the following outline: First, the covariate selection 

results of the RSF analysis are presented in detail. Next, covariate selection in the 

CPH-models is assessed and compared to the RSF-models, first the stepwise CPH-

models then the results from a CPH-model fitted with the covariates found important 

in the RSF analysis. Last, the methods are compared with respect to prediction error.  

4.1 RSF-Models  

Beside the imputation of missing data mentioned earlier, the forests for the different 

definitions of survival (cancer-specific and disease-free survival) were grown with the 

default settings of the randomForestSRC R-package. This means ! = 1000 

bootstrap samples, ! = 41 covariates drawn randomly at each node, the log-rank 

test splitting criterion, and a stopping criterion of !! = 3 deaths or cases of cancer 

recurrence. The analysis was also done without imputation, that is, omitting patients 

with missing values on one or several covariates. The two strategies for handling 

missingness did not produce qualitatively different results with respect to prediction 

error and strongly influential covariates.   

 Averaged VIMP for covariates that inhabit predictive ability, that is VIMP>0, 

for different number of forest iterations are presented in Table 2. To achieve a 

conservative threshold for predictive covariates, a bound of error of two standard 

deviations calculated from the VIMP iterations is placed on the forest averaged VIMP 

for 50 iterations. The covariates with strictly positive such intervals are displayed in 

Table 3.  
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Table 2. Mean VIMP for different number of independent iterations. Covariates with 
predictive ability (VIMP>0) are displayed in decreasing order with respect to VIMP. 

Cancer-specific Survival     Disease-free Survival     

 Number of iterations   Number of iterations 
Covariates 10 30 50   Covariates 10 30 50 
Stage 0.076 0.076 0.077  Stage 0.093 0.094 0.092 
lglmet 0.010 0.011 0.010  lglmet 0.007 0.007 0.007 
Invasion 0.006 0.006 0.006  CD3TIL 0.005 0.005 0.005 
Grade 0.004 0.004 0.004  Invasion 0.005 0.005 0.005 
CD3TIL 0.003 0.003 0.002  Vesselinvasion 0.003 0.003 0.003 
AgeF 0.002 0.002 0.002  CD68Hotspot 0.002 0.002 0.002 
CD3 0.002 0.002 0.002  Radiation 0.001 0.001 0.001 
Vesselinvasion 0.001 0.001 0.001  CD3 0.001 0.001 0.001 
t_front 0.001 0.001 0.001  CD163F 0.001 0.001 0.001 
CD68Hotspot 0.001 0.001 0.001  EGFRF 0.000 0.001 0.000 
KRAS 0.001 0.001 0.001      
EGFRF 0.001 0.001 0.001      
Radiation 0.001 0.000 0.001      
 
Table 3. Mean VIMP ± two standard deviations for both definitions of survival in the 
case of 50 iterations. Only covariates with strictly positive intervals are displayed. 

Cancer-specific Survival   Disease-free Survival 
Covariate    Interval   Covariate    Interval 
Stage 0.070 - 0.084  Stage 0.085 - 0.099 
lglmet 0.008 - 0.013  lglmet 0.004 - 0.010 
Invasion 0.005 - 0.008  CD3TIL 0.003 - 0.007 
Grade 0.002 - 0.006  Invasion 0.003 - 0.007 
AgeF 0.001 - 0.004  Vesselinvasion 0.002 - 0.004 
CD3TIL 0.000 - 0.004  CD68Hotspot 0.001 - 0.003 
CD3 0.001 - 0.003  Radiation 0.001 - 0.002 
 

 

If we instead look at the Md-driven covariate selection process, the amounts of 

predictive covariates are, as we will see, notably larger. The forest averaged minimal 

depth as well as the distance to the second closest maximal subtree, Md 2, for 

covariates with predictive ability are displayed in Table 4.  
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Table 4. Minimal depth for covariates with values of Md over the normalized mean. 
Displayed in decreasing order with respect to Md. Values of Md over the broken line 
indicates covariates with Md over the more conservative threshold mentioned in 
Section 3.4. 

Cancer-specific Survival     Disease-free Survival   
Covariate Md Md 2   Covariate Md Md 2 
Stage 1.863 5.370  Stage 1.857 5.111 
lglmet 2.460 5.981  lglmet 2.564 6.300 
Vesselinvasion 3.222 7.505  Invasion 3.684 7.958 
Grade 3.495 7.000  Vesselinvasion 3.736 8.267 
Invasion 3.566 7.217  Age 3.766 4.567 
Age 3.708 4.338  lgllant 3.799 4.845 
lgllant 3.758 4.549  CD68Hotspot 4.288 7.604 
CD68Hotspot 4.199 7.042  CD163F 4.358 7.621 
CD163F 4.641 7.525  Grade 4.460 8.270 
FAP_TC 4.713 6.991  CD3TIL 4.717 8.942 
FAP_TF 4.782 6.447  FAP_TC 4.917 7.232 
CD3TIL 4.861 8.381  FAP_TF 4.917 6.810 
Site 4.904 6.663  CD3F 4.927 9.020 
SMAD4 4.952 7.587  CD3 4.929 9.291 
EGFRF 4.953 7.246  Site 5.057 7.086 
CD3 5.018 9.049  EGFRF 5.119 7.735 
CD68TF 5.160 8.262  iNOSF 5.286 8.736 
CD3F 5.228 8.849  SMAD4 5.334 8.504 
BetacatenineTC 5.309 7.419  CD68TF 5.478 8.568 
CD3C 5.325 8.655  CD3C 5.581 8.794 
iNOSF 5.503 8.535  p53 5.590 8.596 
p53 5.578 7.988     
 

Since all covariates displayed in Table 4 are above the threshold value for Md 

covariate selection, and because Md is preferred over VIMP when it comes to high-

dimensional covariate selection for reasons mentioned earlier (Ishwaran et al. 2010), 

there is empirical evidence that they affect survival (in both definitions) to some 

degree respectively. However, by combining the results of the VIMP and Md, 

particularly strong empirical evidence of the predictive ability of covariates can be 

achieved. The covariates that both have a strictly positive bound of error VIMP-

interval and a value of Md over the threshold value inhabits strong empirical evidence 

to affect survival. The effects for some of the most predictive covariates are displayed 

with estimated 5-year partial survival plots in Appendix B.  
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4.2 CPH-Models  

Backwards stepwise CPH-models built on the AIC criterion starting with all available 

covariates results in the models presented in Table 8, Appendix A. These models 

does not use any imputation method, instead, patients with covariates containing 

missing values are omitted. In those models, while some of the covariates found 

significantly predictive in the Wald tests on 5-10 percent significance level were the 

same as the covariates found predictive in the RSF-models, other covariates were not. 

For instance, in cancer-specific survival molecular covariates like CIMP and MMR 

were found significantly effecting survival in the Wald tests. In disease-free survival 

MMR and BRAF were significant. However, Grambsch and Therneau's (1994) 

weighted-residual based test of the proportional hazards assumption found some 

problematic covariates for both models. Furthermore, the collinearity and coefficient 

estimation problems found are likely to disturb the interpretability of the models.  

The CPH-models displayed in Table 5 is an example of CPH-models based on 

the RSF-analysis. These were built using the covariates that showed predictiveness in 

both the VIMP- and the Md-analysis. Additionally, interactions found with the 

interaction finding techniques explained earlier were added to the CPH-models. 
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Table 5. Estimated CPH-models fitted with the covariates that showed strong 
empirical importance in the RSF-models. 

Cancer-specific Survival     Disease-free Survival   
Covariate Hazard ratio P-value   Covariate Hazard ratio P-value  
Stage    Stage   

1 1 (ref)   1 1 (ref)  
2 3.153 0.276  2 5.388 0.103 
3 3.157 0.274  3 6.551 0.072 
4 24.540 0.002  4 111.810 <0.000 

lglmet 1.136 <0.000  lglmet 1.004 0.901 
Invasion    CD3TIL   

1 1 (ref)   1 1 (ref)  
2 0.676 0.394  2 0.772 0.139 
3 1.192 0.664  3 0.743 0.377 
4 1.716 0.215  4 0.207 0.009 

Grade    Invasion   
1 1 (ref)   1 1 (ref)  
2 0.273 0.018  2 0.944 0.892 
3 0.339 0.051  3 1.101 0.809 
4 0.952 0.931  4 1.286 0.551 

Age    Vesselinvasion  
<62.5 1 (ref)   1 1 (ref)  

62.5 - 71 1.737 0.653  2 0.968 0.873 
71 - 78 1.817 0.627  3 1.797 0.013 

>78 0.000 0.983  CD68Hotspot  
CD3TIL    1 1 (ref)  

1 1 (ref)   2 2.139 0.022 
2 0.969 0.856  3 1.463 0.221 
3 0.548 0.066  4 0.931 0.836 
4 0.185 0.021  Age   

Stage:Age    <62.5 1 (ref)  
2:(62.5,71) 0.343 0.420  62.5 - 71 1.309 0.826 
3:(62.5,71) 0.702 0.787  71 - 78 2.858 0.364 
4:(62.5,71) 0.781 0.845  >78 0.000 0.982 

2:(71,78) 0.549 0.646  Stage:Age   
3:(71,78) 1.044 0.973  2:(62.5,71) 0.338 0.400 
4:(71,78) 0.541 0.627  3:(62.5,71) 0.612 0.707 

    4:(62.5,71) 0.978 0.986 

    2:(71,78) 0.179 0.157 

    3:(71,78) 0.348 0.392 

    4:(71,78) 0.224 0.210 
Note: For the interaction variable Stage:Age, some highly non-significant levels were not displayed. 
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Some, but not all, of the covariates seem to have coefficients with significant 

departure from zero in the Wald test. In both models empirical evidence for violations 

of the proportional-hazards assumption for several covariates were found.  

4.3 Prediction Error Comparison 

A comparison of the methods is easily implemented since the C-index prediction error 

can be calculated for both models. The C-index prediction error for the RSF-models 

was calculated by using the algoritm referred to in Section 3.2. To make the models 

more compareable, bootstrapping is introduced for the CPH-models. 100 bootstrap 

samples was drawn from the data. For each bootstrap sample, a CPH was estimated 

using about 67 percent of the data, the rest were OOB data points. OOB C-index error 

was then calculated for the OOB data in each sample, and averaged over all the 

samples.   

Table 6 shows comparisons between RSF- and CPH-models for both imputed 

data and data with omitted observations for some models of interest. In total, three 

nested models are compared; models with all covariates in the subset included, 

models with covariates corresponding those in the final stepwise CPH-models, and 

finally models built with the covariates found influential in the Md-analysis from the 

RSF-models, that is, the covariates over the broken lines in Table 4 from earlier. An 

illustration of how survival estimates can alter between the models is displayed in 

Figure 3, Appendix B, in the form of mean survival plots for the different model sizes 

mentioned. 
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Table 6. OOB averaged C-error as well as an interval of the C-error mean ± two 
times the standard deviation for RSF- and bootstrapped CPH-models with different 
variations of included covariates. 

Cancer-specific Survival     Disease-free Survival  
Model Error Interval   Model Error Interval 
Full models             
 RSF-omit 0.160 (0.139 - 0.181)  RSF-omit 0.173 (0.148 - 0.198) 
 CPH-omit 0.328 (0.224 - 0.431)  CPH-omit 0.313 (0.200 - 0.426) 

       
 RSF-impute 0.139 (0.118 - 0.160)  RSF-impute 0.140 (0.121 - 0.160) 
 CPH-impute 0.216 (0.160 - 0.271)  CPH-impute 0.197 (0.128 - 0.266) 

       
CPH stepwise models          
 RSF-omit 0.154 (0.128 - 0.180)  RSF-omit 0.177 (0.171 - 0.184) 
 CPH-omit 0.197 (0.090 - 0.305)  CPH-omit 0.132 (0.056 - 0.208) 

       
 RSF-impute 0.140 (0.120 - 0.160)  RSF-impute 0.153 (0.146 - 0.160) 
 CPH-impute 0.185 (0.138 - 0.232)  CPH-impute 0.155 (0.116 - 0.194) 

       
RSF-based models          
 RSF-omit 0.142 (0.121- 0.163)  RSF-omit 0.182 (0.165 - 0.198) 
 CPH-omit 0.186 (0.140 - 0.232)  CPH-omit 0.225 (0.124 - 0.326) 

       
 RSF-impute 0.141 (0.126 - 0.156)  RSF-impute 0.143 (0.132 - 0.155) 
 CPH-impute 0.188 (0.139 - 0.236)   CPH-impute 0.170 (0.124 - 0.215) 
 
 
In the full- and RSF-based models, RSF methods preforms better in each case. 

Although the differences decreased when only the covariates from the CPH stepwise 

models were used, RSF still show slightly lower prediction error in every model 

except in the case of disease-free survival with omitted observations. In that one 

model, C-error appears to be slightly lower in the CPH-models if the variability is 

ignored. A notable fact is that the CPH-models have higher variability in prediction 

error for all models. This might be caused by the lower amount of bootstrap samples 

for the CPH-models, but some randomly chosen CPH-models run over 1000 bootstrap 

samples showed similar tendencies. Therefore, for computation-time reasons, 100 

bootstrap samples were deemed sufficient. Cross-comparisons between all models 

show lower prediction error for the RSF-models in every case but one.  
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5. Discussion 

In this thesis a subset of covariates effect on survival in CRC was assessed. The main 

medical interest was the effects of molecular level and other novel covariates, which 

are believed to classify CRC cases into distinctive subgroups with different 

properties. Because of the suspected non-linear relations and sometimes highly 

correlated covariates, the main method used was the non-parametric machine learning 

method called Random Survival Forests (RSF). Earlier studies had shown superior 

predictive abilities of RSF as well as the possibility of applying RSF to high-

dimensional covariate selection problems. To explore the possible strength of such a 

method, a set of covariates’ effect on survival in CRC was modeled with both RSF 

and more conventionally used methods in survival analysis, i.e., methods based on 

CPH. Comparisons in influential covariates and prediction error were then made.  

 The results support that some of the molecular level and novel covariates have 

impact on both definitions of survival. Covariates that were found influential in the 

RSF-models were in some cases found non-significant in the CPH-models. The 

covariates found significantly affecting survival in stepwise CPH-models also differed 

moderately from those found in the RSF-models. However, violations of the 

proportional hazards assumption were found in all CPH-models. Other problems like 

collinearity and non-convergance to maximum likelihood estimates were also found. 

In addition to such violations, reasons for finding different influental covariates in the 

different methods could be caused by linear and semi-parametric nature of the CPH 

based methods which causes the models to fail to recognize important multivariable, 

non-linear relations. Further support for this is given by the consistently lower 

prediction error and thus better preformance of the RSF-models in comparison to the 

built CPH-models. Especially interesting is the cross-comparison in prediction error 

between the final stepwise CPH-models and the RSF-models built on covariates 

found influental in the RSF Md-analysis. Such comparisons showed lower prediction 

error, and lower variability in prediction error, for the RSF-models. This acts as a 

strong argument for the use of RSF in covariate selection problems like the one at 

hand.  

 It is important to mention that there are ways to modify CPH to make it 

account for non-linear relations, for instance with the use of smoothing splines. But 

since the purpose of this study was to compare a non-parametric method, RSF, to less 
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complex methods more commonly used in medical studies, models with such 

modifications was not assessed or compared. Such a comparison was however made 

by Ishwaran et al. (2010). They compared covariate selection with RSF to modified 

CPH models and found that RSF performed better in highly correlated datasets.  

A possible weakness of the results is the high amount of missing values in the 

dataset. But, since single covariates in the dataset have relatively low amounts of 

missing values and since the iterated imputation method used is known to be efficient, 

potential problems with missing values were likely reduced.  

Another entity that could have directed the results in a certain direction is the 

fact that the RSF method was run under its default settings. This means, for instance, 

that different splitting criterions were not evaluated. However, by referring to 

Ishwaran et al. (2008) where the results between different RSF-models built on 

various splitting criterions did not differ particularly, there is reason to believe that the 

same applies for this study. Other tuning variables, such as the number of candidate 

covariates chosen at each split and number of unique deaths in each terminal node 

that is to be used as stopping criterion for growing a single tree, were also set to its 

default values. While the default values are probably not optimal when it comes to 

achieving the lowest prediction error or the most correct representation of influential 

covariates, methods for finding such optimal values are yet to be discovered (Chen 

and Ishwaran, 2012).  

Future studies could validate the performance of the methods by conducting 

the analysis on updated datasets with more observations, less censored observations, 

and more importantly, less missing values.  It is also possible to perform the analysis 

with even larger subsets of covariates. By using the so called RSF-VH algorithm 

suggested by Ishwaran et al. (2010), one can find influential covariates in datasets 

with number of covariates even several times the number of observations. For the 

medical part of research problem, a next step could be to use RSF for classification to 

try to answer what characteristics different subgroups of CRC cases have when it 

comes to levels of the novel covariates found influential in this study. This can be 

done with either survival as grouping dispersion criterion or other covariates such as 

for instance Stage or Grade.  
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Appendix A 

The resulting final models from AIC backwards stepwise CPH-models including all 

covariates are displayed in Table 8. Observations with missing values were omitted.  

Note how certain hazard ratios, particularly the one for Grade, seem extraordinary 

large. The reason for such large estimations is that the numeric procedure used by R 

to estimate the parameters did not converge to the maximum likelihood estimates 

before they went to infinity. In these cases, the hazard ratios as well as the univariable 

Wald tests are not interpretable. The AIC measure is however still applicable. 

Another detected problem was high collinearity between covariates, which could 

cause non-significant relations to seem significant if they are highly correlated to 

another significant covariate. For instance, if a certain age group inhabits a large 

amount of patients with high Stage, age could inherit the effect of Stage and be found 

significant in the Wald test.  
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Table 8. Estimated CPH-models fitted with covariates chosen backwards stepwise 
with AIC. 

Cancer-specific Survival     Disease-free Survival   
Covariate Hazard ratio P-value   Covariate Hazard ratio P-value 
lglmet 1.352 0.000  Sex   
Age    Female 1 (ref)  

<62.5 1 (ref)   Male 0.609 0.122 
62.5 - 71 0.988 0.972  Stage   

71 - 78 2.107 0.044  1 1 (ref)  
>78 3.462 0.001  2 2.863 0.101 

Stage    3 2.541 0.167 
1 1 (ref)   4 342.998 <0.000 
2 3.418 0.082  Grade   
3 3.41 0.103  1 1 (ref)  
4 88.543 <0.000  2 1256074862 0.999 

Grade    3 786595232 0.999 
1 1 (ref)   4 2517904444 0.999 
2 8250348 0.995  Site   
3 4248527 0.995  Left colon 1 (ref)  
4 88485176 0.994  Right Colon 0.699 0.357 

Invasion    Rectum 1.821 0.070 
1 1 (ref)   Invasion   
2 0.092 <0.000  1 1 (ref)  
3 1.038 0.952  2 0.498 0.278 
4 3.356 0.093  3 1.588 0.412 

MMR    4 1.786 0.350 
MSI 1 (ref)   MMR   
MSS 6.113 <0.000  MSI 1 (ref)  

CIMP    MSS 2.444 0.054 
negative 1 (ref)   BRAF   

low 1.98 0.090  mutated 1 (ref)  
high 477.649 <0.000  wild type 7.805 0.001 

FAP_TC    FAP_TC   
0 1 (ref)   0 1 (ref)  
1 0.442 0.051  1 1.076 0.862 
2 1.078 0.871  2 1.535 0.350 
3 2.171 0.152  3 4.402 0.007 

FAP_TF    CD3TIL   
0 1 (ref)   1 1 (ref)  
1 2.799 0.064  2 0.459 0.013 
2 3.052 0.066  3 0.783 0.612 
3 1.91 0.272  4 0.113 0.041 

       
      (continued) 



 31 

 
Cancer-specific Survival     Disease-free Survival   
Covariate Hazard ratio P-value   Covariate Hazard ratio P-value 
CD3C    CD163F   

1 1 (ref)   1 1 (ref)  
2 1.399 0.277  2 0.908 0.736 
3 5.228 0.006  3 0.131 0.000 
4 409.193 <0.000  4 0 0.985 

CD3TIL    IGF2m   
1 1 (ref)   PMR < 10 1 (ref)  
2 0.642 0.179  PMR > 10 9.369 <0.000 
3 0.05 <0.000  NEUROG1m   
4 0.012 <0.000  PMR < 10 1 (ref)  

CD68TF    PMR > 10 0.449 0.029 
1 1 (ref)   BetacatenineTC   
2 0.276 0.011  0 1 (ref)  
3 0.156 0.006  1 2.14 0.034 
4 0 0.990  2 2.881 0.006 

CD163F    3 NA NA 
1 1 (ref)      
2 1.287 0.435     
3 0.389 0.031     
4 0 0.986     

CD68Hospot       
1 1 (ref)      
2 2.703 0.247     
3 7.731 0.022     
4 10.232 0.017     

CRABP1m       
PMR < 10 1 (ref)      
PMR > 10 2.119 0.097     

CACNA1Gm       
PMR < 10 1 (ref)      
PMR > 10 3.843 0.075     

IGF2m       
PMR < 10 1 (ref)      
PMR > 10 8.579 0.002     

NEUROG1m       
PMR < 10 1 (ref)      
PMR > 10 0.338 0.024     

RUNX3m       
PMR < 10 1 (ref)      
PMR > 10 4.815 0.017     

            (continued) 
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Cancer-specific Survival        
Covariate Hazard ratio P-value      
BetacatenineTC       

0 1 (ref)      
1 3.498 <0.000     
2 1.714 0.144     
3 NA NA     

t_front       
1 1 (ref)      
2 1.423 0.321     

EGFRF       
0 1 (ref)      
1 0.573 0.069     
2 0.778 0.433     
3 0.07 0.002     
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Appendix B 

The effect on survival of the most influential covariates found in the RSF-analysis is 

displayed with 5-year partial survival plots in Figure 1 and 2. The estimated partial 

survival for a covariate is interpreted as estimated survival for different levels of the 

covariate when the effects of all other covariates are accounted for. Details on how it 

is calculated are referred to in the randomForestSRC package. 

 

 
Figure 1. Partial 5-year survival effects for the six most influential covariates on 

cancer-specific survival. 
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Figure 2. Partial 5-year survival effects for the six most influential covariates on 
disease-free survival. 

 

To illustrate how survival estimates can vary between the different methods, the mean 

estimated survival for all patients in the subset for different model sizes are plotted 

against survival times in Figure 3. Full models are models containing all covariates in 

the subset, Cox stepwise models are models containing covariates from the final 

stepwise CPH-models, and RSF-based models are models containing covariates found 

influential in the RSF Md-analysis. Slight variations between the methods can be 

spotted, but no overall pattern is found in this aggregated case.  
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Figure 3. Mean estimated cancer-specific and disease-free survival for all patients in 
the respective dataset. The full line represents survival estimated from the RSF-
models and the broken line represents survival estimated from the CPH-models. 
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Appendix C 

In this appendix the R code for some parts of the analysis is presented. Most 

calculations were done with the built-in commands in the randomForestSRC and 

survival package, therefore there is no reason to repeat them here. The more 

uncommon calculations with the corresponding R-code were: 

 

Averaged VIMP and standard deviation from an Iterated RSF-analysis, here for 50 

iterations and 41 covariates: 

 
##data, formula specifications 
  crc.na <- na.omit(crc.data)  ##remove NA's if not imputed data 
  surv.f <- as.formula(Surv(Time, Survival) ~ .) 
  crc.f <- as.formula(Hist(Time, Survival) ~ 1) 
 
##run rsf model 
  rfsrc.obj <- rfsrc(surv.f, crc.na, ntree = 1000) 
 
##Iterate rsf and save VIMP for each iteration, then average over the 
runs 

A <- matrix(nrow=41,ncol=50) 
for(i in 1:50){ 
A[,i] <-
as.vector(vimp.rfsrc(rfsrc.obj,importance="random.ensemble",joint=
FALSE,na.action="na.impute")$importance) 
} 
vimpmean <- rowMeans(A, na.rm = FALSE) 
vimpsd <- apply(A, 1, sd) 
vimpinfo <- cbind(vimpmean,vimpsd) 
vimpinfosorted <- vimpinfo[order(-vimpmean),] 
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A comparison in prediction error between CPH and RSF-models with the same data 

and formula specifications as in previous code above: 

 
##run cox/rfsrc models 
  cox.obj <- coxph(surv.f, data = crc.na) 
  rfsrc.obj <- rfsrc(surv.f, crc.na, ntree = 1000) 
 
##compute out-of-bag C-index for both models 
  rfsrc.obj <- rfsrc(surv.f, crc.na, nsplit = 10) 
  cat("out-of-bag Cox Analysis ...", "\n") 
  cox.err <- sapply(1:100, function(b) { 
    if (b%%10 == 0) cat("cox bootstrap:", b, "\n")  
    train <- sample(1:nrow(crc.na), nrow(crc.na), replace = TRUE)  

cox.obj <- tryCatch({coxph(surv.f, crc.na[train, ])}, 
error=function(ex){NULL}) 

    if (is.list(cox.obj)) { 
      rcorr.cens(predict(cox.obj, crc.na[-train, ]), 
                 Surv(crc.na$Time[-train], 
                 crc.na$Survival[-train]))[1] 
    } else NA  
  })s 
  cat("\n\tOOB error rates\n\n") 
  cat("\tRandom Forests :  ", rfsrc.obj$err.rate[rfsrc.obj$ntree], 
"\n") 
  cat("\tCox regression:  ", mean(cox.err, na.rm = TRUE), "\n") 
  cat("\tRandom Forests  Standard dev:  ",  
sd(rfsrc.obj$err.rate[rfsrc.obj$ntree]), "\n") 
  cat("\tCox regression  Standard dev : ", sd(cox.err, na.rm = TRUE), 
"\n") 
} 
 

 


