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eMethods 

eFigure 1. Multivariable adjusted hazard ratios, compared to women of normal weight (BMI < 25 kg/m2), for total incident 
invasive breast cancer, breast cancer characteristics and other breast cancer outcomes in the WHI Clinical Trial 

eFigure 2. Multivariable adjusted hazard ratios, compared to women of normal weight (BMI < 25 kg/m2), for total incident 
invasive breast cancer by select subgroups in the WHI Clinical Trial 
 
eFigure 3. Multivariate associations of BMI with breast cancer risk (a) and weight with breast cancer risk (b)  
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eMethods 
 

1.  Statistical methods and data structures for the competing risk analysis (Table 2 and Supplementary Figure 1) and 
weight change (Table 3). 
 
1.1  Conceptual model 
Hazard ratio estimates and corresponding comparisons of trends associated with baseline BMI group by invasive breast 
cancer characteristics were computed via a competing risk analysis.  The baseline hazard function may differ among 
characteristic types (e.g., ER/PR status), so the Cox proportional hazards models are stratified by characteristic type 
 

hk(t|X,Z) = hk,0(t) * exp(Bk*X + C*Z)  
 

where hk,0(t) is the baseline type-specific hazard for the kth type (e.g., ER+/PR+) , X is baseline BMI group, Bk the effect of 
BMI group for type k, Z represents a common set of covariates, and C are their corresponding coefficients that are assumed 
constant across characteristic type.   
 
1.2  Data structure 
To make use of commonly available software (e.g., SAS, R), it is useful to create a dataset with an amenable structure.  The 
dataset contains one stratum for each of the k characteristic types with all of participants appearing k times.  For example,  
 
 pptID start stop BMI  event eStrata 
    1 0 2.1 >=35  1  ER+PR+ 

1 0 2.1 >=35  0  ER+PR- 
1 0 2.1 >=35  0  ER-PR+ 
1 0 2.1 >=35  0  ER-PR- 
 

 27 0 6.2 < 25  0         ER+PR+   
    27 0 6.2 < 25  0         ER+PR-   
 27 0 6.2 < 25  0         ER-PR+   
 27 0 6.2 < 25  1         ER-PR-   
 
these two participants experienced an invasive breast cancer at 2.1 and 6.2 years after entry into the WHI CT, where the first 
participant had an ER+PR+ cancer and the later had an ER-PR- cancer. 
 
1.3  Estimation of HR(95%CI) 
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The model to estimate HRs for BMI group can be operationalized in a straightforward fashion with SAS’s PROC PHREG.  For 
example,     
 
PROC PHREG DATA=data; 
  CLASS  BMI(ref='< 25')  eStrata(ref=' ER+PR+')   &catVar /ORDER=INTERNAL ; 
  MODEL (start,stop)*event(0)= BMI  BMI*eStrata  &catVar  &conVar/TIES= EXACT; 
  STRATA &staticStratVar   &TDstratvar   eStrata; 
  ID pptID; 
  HAZARDRATIO "BMI group HRs for ER+PR+"  BMI  / at (eStrata='ER+PR+') diff=REF;  
  HAZARDRATIO "BMI group HRs for ER+PR-"  BMI  / at (eStrata='ER+PR-')  diff=REF;  
  HAZARDRATIO "not shown"    BMI  / at (eStrata='ER-PR+')  diff=REF;  
  HAZARDRATIO "BMI group HRs for ER-PR-"  BMI  / at (eStrata='ER-PR-')   diff=REF;  
RUN; 
       
where eStrata designates type of ER/PR status, &catVar is a list of categorical covariates (e.g., race/ethnicity), &conVar is a 
list of continuous covariates (e.g., age) , &staticStratVar  is a list of the time-invariant strata (e.g., HT trial randomization 
group), &TDstratvar is a list of time-dendent strata (e.g., CaD trial randomization group).    
 
The salient features for the competing risk analysis have been bolded.  As described, the baseline hazard is allowed to vary 
by characteristic type (SAS variable eStrata), as well as accompanying HR estimates for BMI group by including an 
interaction term (SAS MODEL variable BMI * eStrata).   Since there is at most one invasive breast cancer event per person, 
the usual estimates of variance are valid, and use of a robust(sandwich) estimate is not necessary.  
 
1.4  Test for heterogeneity of trend 
The model to test whether trends for the association between cancer risk and BMI group differ by characteristic type can 
operationalized with  
 
PROC PHREG DATA=data ; 
  CLASS  eStrata(ref=' ER+PR+')  &catVar / ORDER=INTERNAL; 
  MODEL (start,stop)*event(0)= BMI  BMI*eStrata  &catVar  &conVar/TIES= EXACT; 
  STRATA &staticStratVar  &TDstratvar  eStrata; 
  ID pptID; 
  CONTRAST 'Test of heterogeneity'  BMI*eStrata 1 0 0    ,  

BMI*eStrata 0 0 1 / TEST (SCORE); 
RUN; 
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where BMI group was purposefully omitted from the SAS CLASS statement, so that BMI group would be represented by 
ordinal numbers (i.e., 1, 2, 3, 4) and fit as a linear continuous variable.  Consequently, the test for heterogeneity of trend is a 2 
degree-of-freedom test and tests the null hypothesis of  BER+PR+ = BER+PR- , BER+PR+ = BER-PR-  .  Please note that SAS codes 
eStrata as 
 
 eStrata  ER+PR+                     0      0      0 
               ER+PR-  1      0      0 
               ER-PR+  0      1      0 
               ER-PR-  0      0      1     
 
and due to apriori concerns regarding the validity of the ER-PR+ classification, no inferences were made regarding this 
characteristic type.  Similar methods may be used to perform competing risk analysis for the remaining breast cancer 
characteristics shown in Table 2.       
 
1.5 Additional modeling methods 
In the above example, time-to-event is represented by the counting-process intervals (start, stop], rather than simply time- 
to-event.  This representation is useful because it facilitates straightforward inclusion of time-dependent covariates and time-
dependent strata in our Cox proportional hazards model.  For example, suppose we intend to account for randomization into 
the CaD trial by time-dependent strata, and the first participant was randomized, a year after entry, to the placebo arm of the 
CaD trial.  Then the data structure of the first participant is represented by  
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 pptID start stop BMI event eStrata CaD  
    1 0 1.0 >=35 0  ER+PR+ NR 

1 0 1.0 >=35 0  ER+PR- NR 
1 0 1.0 >=35 0  ER-PR+ NR 
1 0 1.0 >=35 0  ER-PR- NR 
 

   1 1.0 2.1 >=35 1  ER+PR+ Placebo 
1 1.0 2.1 >=35 0  ER+PR- Placebo 
1 1.0 2.1 >=35 0  ER-PR+ Placebo 
1 1.0 2.1 >=35 0  ER-PR- Placebo 
 

and time-dependent strata can be modeled by including the variable CaD in the STRATA statement; NR stands for not 
randomized.   
 
For the analysis of weight change shown in Table 3, the dataset can be further expanded to include baseline weight and 
annual weight measurements as a time-dependent variable, which can be used to create a time-dependent weight change 
variable (wtTD minus wt0).  In this example, the participant had annual weight measurements of 92.8 and 93.2 that occurred 
1.0 and 1.9 years after entry.     
 

pptID start stop BMI event eStrata CaD   wt0 wtTD 
    1 0 1.0 >=35 0  ER+PR+ NR  98.1 98.1 

1 0 1.0 >=35 0  ER+PR- NR  98.1 98.1 
1 0 1.0 >=35 0  ER-PR+ NR  98.1 98.1 
1 0 1.0 >=35 0  ER-PR- NR  98.1 98.1 

 
   1 1.0 1.9 >=35 0  ER+PR+ Placebo 98.1 92.8 

1 1.0 1.9 >=35 0  ER+PR- Placebo 98.1 92.8 
1 1.0 1.9 >=35 0  ER-PR+ Placebo 98.1 92.8 
1 1.0 1.9 >=35 0  ER-PR- Placebo 98.1 92.8 
 
1 1.9 2.1 >=35 1  ER+PR+ Placebo 98.1 93.2 
1 1.9 2.1 >=35 0  ER+PR- Placebo 98.1 93.2 
1 1.9 2.1 >=35 0  ER-PR+ Placebo 98.1 93.2 
1 1.9 2.1 >=35 0  ER-PR- Placebo 98.1 93.2 
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For the analysis in Table 3, we do not differentiate risk by ER/PR status (or other characteristics) so the data structure can be 
collapsed over ER/PR status.  Thus the first participant is represented by 
 

pptID start stop BMI event   CaD   wt0 wtTD 
    1 0 1.0 >=35 0    NR  98.1 98.1 
   1 1.0 1.9 >=35 0    Placebo 98.1 92.8 

1 1.9 2.1 >=35 1    Placebo 98.1 93.2 
 
2.  Statistical methods for the exploratory analysis of the association between invasive breast cancer risk and 
baseline BMI (Supplementary Figure 3).    
 
2.1  Conceptual model 
In Cox proportional hazards regression, a continuous predictor variable, X, is often modeled as  
 

 h(t|X,Z) = h0(t) * exp(B*X) .  
 
Therefore a linear relationship is assumed between the exposure variable of interest (e.g., baseline BMI) and the log hazard 
of the event (e.g., invasive breast cancer).    
 
To examine whether the functional relationship is well approximated by a linear fit (i.e., B*X),  
a non-parametric smooth is fit for comparison.  The non-parametric component, S(X), can be directly estimated by local 
polynomials or splines in commonly available software such as R(SAS) with existing functions (procedures) like coxph (PROC 
PHREG); the function coxph can be found in the R-library ‘survival’.  
 
2.2  Data structure 
Datasets described in section 1.2, that accommodate time-dependent covariates or strata, can also be used when non-
parametric components are included.  Since we are modeling time to first event, there is only one event per person, thus the 
usual estimates of variance may be used.    
 
2.3  Implementation 
In R, S(X) can be directly modeled in a Cox regression model with using penalized smoothing splines; the R function is 
psplines( ).  Specifically,  
 
  fitS <- coxph(Surv(start,stop,event) ~   pspline(bmi) , data = data)  
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where bmi is a continuous variable of BMI measures (e.g., 98.1, 72.5), start & stop are survival times in counting-process 
format (start, stop], and event is invasive breast cancer; covariates and strata can readily be included to the right hand side 
of ‘ ~ ‘.  The default smooth uses 4 degrees-of-freedom, or the user may specify their desired smoothness.  Smoothness can 
also be chosen objectively via Akaike’s information criteria (AIC) by  
 
  fitS <- coxph(Surv(start,stop,event) ~   pspline(bmi,df=0) , data = data) . 
 
The standard output from above, provides an approximate test of non-linearity.  A more formal likelihood ratio test can be 
obtained by modeling BMI with a linear term, and fitting       
 
  fitL <- coxph(Surv(start,stop,event) ~   bmi , data = data)  
 
and then performing a likelihood ratio test between the two fitted models, fitS and fitL. 
 
3.  References 
An invaluable reference for statistical practitioners is the wonderful book by Therneau and Grambsch (2000).  Their book 
provides a comprehensive guide to survival analysis that includes counting processes, time-dependent covariates, time-
dependent strata, competing risk analyses, non-parametric regression, and beyond.         
 
Therneau, Terry M., and Patricia M. Grambsch. Modeling survival data: extending the Cox model. Springer Science & 
Business Media, 2000. 
 
SAS PROC PHREG, SAS version 9.3 (Cary, NC) 
 
Therneau T (2014). _A Package for Survival Analysis in S_. R package version 
2.37-7, <URL: http://CRAN.R-project.org/package=survival>.
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eFigure 2 
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eFigure Legends 
 
 
eFigure 1.  Multivariable adjusted hazard ratios, compared to women of normal weight (BMI < 25 kg/m2), for total 
incident invasive breast cancer, breast cancer characteristics and other breast cancer outcomes in the WHI Clinical 
Trial.  Vertical reference lines correspond to the estimated hazard ratio for the main effect of each BMI group in the primary 
analysis.  Complete summary statistics can be found in Table 2 of the manuscript.  Analyses were adjusted for age, 
race/ethnicity, education, parity, age at first birth, bilateral oophorectomy, family history of breast cancer, E-alone use and 
duration, E+P use and duration, smoking status , diabetes, alcohol consumption, and stratified by baseline age group, HT trial 
randomization group, dietary trial randomization group, hysterectomy status, CaD trial randomization group (time-dependent) 
and extended follow-up (time-dependent).  The p-value corresponds to either a trend test for the main effect of BMI on 
invasive breast cancer or other breast cancer endpoints, or a test of heterogeneity for trends between BMI and invasive 
breast cancer subtypes. 
 
eFigure 2.  Multivariable adjusted hazard ratios, compared to women of normal weight (BMI < 25 kg/m2), for total 
incident invasive breast cancer by select subgroups in the WHI Clinical Trial.   
Vertical reference lines correspond to the estimated hazard ratio for the main effect of each BMI group in the primary 
analysis.  Complete summary statistics can be found in Table 4 of the manuscript. Covariate adjustments were similar to the 
primary analysis described above.  P-values correspond to the statistical significance of a 1-df test of trend for the main effect 
of BMI on invasive breast cancer risk in the WHI CT, or by cohorts defined by baseline hysterectomy status.  The remaining 
p-values correspond to tests of interaction for subgroups within their respective cohorts.  Women “with uterus” includes only 
participants that reported not having had a hysterectomy and were randomized to any WHI clinical trial (n= 38981).  Women 
“without uterus” includes only participants that reported having had a hysterectomy and were randomized to any WHI clinical 
trial (n= 28158).  
 
eFigures 3a and 3b. Multivariate associations of BMI with breast cancer risk (a) and weight with breast 
cancer risk (b). These are nonparametric fits(splines) and the smoothing parameter as chosen via Akaike 
information criteria (AIC), The smooth of weight also included height as a covariate. 
 


