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Introduction 

• In oncology, the comparison of two treatment arms is usually 
performed using Cox regression or the log-rank test. 
 

• When crossover is allowed, bias is introduced and result are no 
longer reliable. 
 

• New methods such as Inverse Probability of Censoring 
Weighting (IPCW), introduced by Robins et al. in 1990, can be 
used to reduce bias and obtain more accurate results. 
 
 



Introduction 

 

• IPCW attempts to reduce the bias caused by treatment change 
recreating a scenario where any patient switched to the 
alternative treatment arm.  

 
• This recreation is done using a weighted Cox regression, where 

the weights are usually based on a logistic regression that 
models whether the patient switched to the other treatment or 
not.  
 

• We want to compare how IPCW behaves compared with more 
traditional methods such as censoring analysis. 
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Analysis 

• Inverse Probability of Censoring Weighting (IPCW). 
 
– We want to compensate the effect of switching. 

 
– We are going to recreate the scenario where nobody switched by 

giving weights to the patients. But how? 
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Analysis 

• Inverse Probability of Censoring Weighting (IPCW). 
 
– In each cluster, patients who stayed will have higher weight values 

and patients who switched will have lower values. 
 

– Weights are estimated based on the probability of remaining 
uncensored by crossover. This can be done by means of a logistic 
regression model. 
 

– Specifically, we need to build two logistic regression models. One 
using only baseline characteristics and other using both baseline 
covariates and postrandomization covariates, which are usually 
time dependent. 
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• Inverse Probability of Censoring Weighting (IPCW). 
 
– The coefficient between the weights obtained in the “only baseline” 

covariates and the “baseline + time dependent” covariates. 
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Analysis 

• An example with dummy data: 
 
– 800 patients (400 patients in each treatment arm). 
– Time, which is the OS for each patient.  
– Three Baseline covariates: prior time to progression, age and number of 

affected regions. 
– Two time dependent covariates: Performance Status (PS) and the number 

of Adverse Events Grade 3. 
– Event and Event_c, which are the censoring status.  
– Time2, which includes the effect of the new treatment. 
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Analysis 

• An example with dummy data: 
 
– Logistic regression with baseline covariates. 

 
proc logistic descending data=a10;  
model event_c(event='0')=prior_ttp age prior_areas;  
output out=out1 prob=tn; 
run; 

 
 
 
 

 
 

 
 

 
 
 
 



Analysis 

• An example with dummy data: 
 
– Logistic regression with baseline covariates. 

 
proc logistic descending data=a10;  
model event_c(event='0')=prior_ttp age prior_areas;  
output out=out1 prob=tn; 
run; 

 
– Logistic regression with both baseline and time dependent covariates. 

 
proc genmod data=a10 descending order=data; 
class evento_c id; 
model evento_c=prior_ttp age prior_areas ps aes / d=bin link=logit; 
repeated subject=id; 
estimate "ps" ps 1 -1 / exp; 
estimate "aes" aes 1 -1 / exp; 
output out=out2 prob=td; 
run; 

 
 
 

 
 

 
 

 
 
 
 



Analysis 

• An example with dummy data: 
 

– Merge the output datasets and calculated the weights. 

 
data a12(drop= tn td);  
set a11;  
by id; 
w=tn/td;  
run; 
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• An example with dummy data: 
 

– Merge the output datasets and calculated the weights. 

 
data a12(drop= tn td);  
set a11;  
by id; 
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run; 

 
– Hazard Ratio estimation. 

 
Censoring Analysis    
 

proc phreg data=a12;     
model time*event_c(0)=arm/rl;     
run;      
      
 

 
 
 
 

 
 

 
 

 
 
 
 



Analysis 

• An example with dummy data: 
 

– Merge the output datasets and calculated the weights. 

 
data a12(drop= tn td);  
set a11;  
by id; 
w=tn/td;  
run; 

 
– Hazard Ratio estimation. 

 
Censoring Analysis   IPCW 

 
proc phreg data=a12;    proc phreg data=a12; 
model time*event_c(0)=arm/rl;    model time2*evento(0)=arm/rl;  
run;     freq w/notruncate; 
     run; 
 

 
 
 
 

 
 

 
 

 
 
 
 



Analysis 

• An example with dummy data: 
 

– Results: 
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Conclusion 

 
 
We can obtain a less biased estimation of Hazard 
Ratios when dealing with crossover and diminish the 
problems caused by classical method such us 
censoring analysis. 



Questions 

 


