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This document explains SAS programs that can be used for causal logistic models that are treated in Ten Have, Marshall & Cary (under review). We present SAS code for the following analyses:

· Intent to treat

· As treated

· Nagelkerke

· CACE (Complier Average Causal Effect)

· G-estimation for marginal logistic model

The program names are:

· ITT-AT-Nag.sas: Compute estimates for intent-to treat and as-treated, (Complier Average Causal Effect) for log odds ratio (no covariate), and estimates using Nagelkerke’s method for binary outcomes.

· CACE: Compute CACE and estimate bootstrapped confidence intervals.

· GESTC.sas: G-estimation for logistic models with and without covariates.

· GEST_boot.sas: Bootstrap estimates on G-estimation for binary outcomes.

· Sommer.sas: Create a local SAS dataset of the part of the Sommer-Zeger data and computes estimates for intent-to-treat and as-treated.

The Datasets

The programs are illustrated with the Cholesterol (CARDES) data, cholesterol.sas7bdat.  The Sommer-Zeger dataset it also provided, as some of the original papers used it.

CARDES (Cholesterol) Dataset

The Cholesterol data are from a randomized comparison of an audio tape educational dietary intervention in addition to the usual care intervention (print materials) for 266 African American adults, with high cholesterol and/or hypertension (CARDES R01 HL46778, PI: Shiriki Kumanyika). The usual care or placebo group did not have access to the intervention (audio tapes). The outcome was whether there was a beneficial change in cholesterol according to NIH standards.

Non-compliance among those who were randomized to the experimental treatment group involved their non-use of the home audio tapes. Non-compliance with the experimental condition was not possible in the placebo arm because subjects did not have access to the audio tapes.

In the SAS dataset, the variable r refers to randomization, with 0=non treatment, 1= treatment. The variable a refers to the actual treatment, taking in account non-compliance. As shown in the table below, 29 of the 134 subjects assigned to treatment did not comply. All of the 132 assigned to non-treatment complied, as they did not have access to the treatment. The SAS dataset is created in CARDES.sas.

	
	Randomization

	Actual
	r=0
	r=1

	a=0 
	132
	29

	a=1
	0
	105


As shown below, the experimental treatment (r=1) had a higher positive outcome rate (36.6%) than the control (25%). A similar effect was seen for the actual compliance. Those who complied had a higher positive outcome rate (38.1%) than those who did not (26.1%).

	Intent to Treat
	Randomization

	Outcome
	r=0
	r=1

	y=0 (not improve)
	99

75.0%
	85

63.4%

	y=1 (improve)
	33

25.0%
	49

36.6%

	Total
	132
	134


	As Teated
	Actual

	Outcome
	a=0
	a=1

	y=0 (not improve)
	119

73.4%
	65

61.9%

	y=1 (improve)
	42

26.1%
	40

38.1%

	Total
	161
	105


In SAS, PROC LOGISTIC can be used to generate the estimates of the effects both corrected and not corrected for the covariate of x (baseline cholesterol). Note that the keyword descending is used so that SAS models y=1 as the outcome.

proc logistic descending; 


model y=r/ risklimits; run;

proc logistic descending; 


model y=a/ risklimits; run;

proc logistic descending; 


model y=r x/ risklimits; run;

proc logistic descending; 


model y=a x/ risklimits; run;

PROC LOGISTIC generates the estimates for the effects, in this case the estimate for r is .5477 unadjusted for the covariates as well as the standard error of the estimate and the odds ratio estimate, as shown below.

                                            Standard

 Parameter    DF    Estimate       Error    Chi-Square    Pr > ChiSq

 Intercept     1     -1.0985      0.2010       29.8691        <.0001

 r             1      0.5477      0.2694        4.1337        0.0420

                        Odds Ratio Estimates

                          Point          95% Wald

             Effect    Estimate      Confidence Limits

             r            1.729       1.020       2.932

Sommer-Zeger Dataset

We are using only part of the Sommer-Zeger, a randomization variable (r), adherence variable (a), and outcome variable (y) (Sommer, A. and Zeger, S.L. (1991) On estimating efficacy from clinical trials. Statistics in Medicine, 10: 45-52.) As shown below, 2419 of those randomized to the treatment group did not adhere. 

	
	Randomization

	Actual
	r=0
	r=1

	a=0 
	11588
	2419

	a=1
	0
	9675


As shown below, the treatment (r=1) produced a higher "life rate, " that is, fewer deaths than the control (r=0). This was particularly true for the as treated (a=1).

	Intent to Treat
	Randomization

	Outcome
	r=0
	r=1

	y=0 (death)
	74

.64%
	46

.38%

	y=1 (not death)
	11514

99.36%
	12048

99.62%

	Total
	11588
	12094


	As Treated
	Actual

	Outcome
	a=0
	a=1

	y=0 (death)
	108

.77%
	12

.12%

	y=1 (not death)
	13899

99.23%
	9663

99.88%

	Total
	14007
	9675


CACE—Complier Average Causal Effect

The Complier Average Causal Effect (CACE) is the average causal effect of a treatment in the subpopulation of compliers (see R.J. Little & D.B. Rubin, "Causal effects in clinical and epidemiological studies via potential outcomes: Concepts and analytic approaches," Annual Review of Public Health, 2000, 21: 121-145).

The compliance status of an individual is generally unknown, but can be estimated with a number of assumptions, detailed in Little and Rubin, above. An approximately unbiased edstimate of the of the CACE is the estimate of the Intent to Treat effect divided by the difference in the proportions that adopt the new treatment in the new treatment and control groups.

The SAS program, CACE.sas reads the CARDES data, computes specific cell counts, and then calculates the CACE and the log of CACE, which is the estimate we are interested in.

*Create all the cell frequencies that we need;

size=nrow(y);

c1=0; c2=0; c3=0; c4=0; c5=0; c6=0;

do i=1 to size;


if (y[i]=1 & a[i]=0 & r[i]=0) then c1=c1+1;


if (y[i]=0 & a[i]=0 & r[i]=0) then c2=c2+1;


if (y[i]=1 & a[i]=0 & r[i]=1) then c3=c3+1;


if (y[i]=0 & a[i]=0 & r[i]=1) then c4=c4+1;


if (y[i]=1 & a[i]=1 & r[i]=1) then c5=c5+1;


if (y[i]=0 & a[i]=1 & r[i]=1) then c6=c6+1;

end;

print c1, c2, c3, c4, c5, c6;


pt = c6/(c5+c6);

pp1 = c2/(c1+c2);

pp2 = c4/(c3+c4);

pp3 = (c5+c6)/(c3+c4+c5+c6);

pp = (pp1 - pp2*(1-pp3))/pp3;

OR_CACE=  ( pt / (1-pt) ) / ( pp / (1-pp) );

logcace=log(OR_CACE);

[Note- It has the sign reversed, so I am probably flipping the outcome variable inadvertently. Do we want a better explanation of how this is done; more textbook like?]

Nagelkerke, Fidler, Bernsen, & Borgdorff

The Nagelkerke method ( N. Nagelkerke, V. Fidler, R. Bernsen, M. Borgdorff, Estimating treatment effects in randomized clinical trials in the presence of non-compliance, Statistics in Medicine, 2000, 19: 1849-1864).

The method operates in three steps. First regress the compliance variable on the randomization an any baseline covariates that might be present. In Step 1, below,  one can replace "model aa= r x" with "model aa=r " to obtain estimates without the covariate, x. Step 2 specifies two ways to obtain the residual, assuming either an additive or multiplicative effect. Finally, Step 3 obtains the parameter estimates.

* STEP 1: Regress compliance variable on randomization

    and any baseline covariates if present;

data nagel; 

set local.cholesterol;

if r=0 then aa=.; else if r=1 then aa=a;

run;

proc logistic descending; 


model aa=r x ;


output out=xx  predicted=pred;

proc means data=xx; run;

*STEP 2: Two different ways of specifying residual

      of compliance minus predicted value under

      above logistic model 

data xy;

  set xx;

  e=aa/pred;

  e2=aa-pred;

if r=0 then e=1;

if r=0 then e2=0;

run;

/*proc print data=xy; run;*/

proc freq; tables e e2; run;

*STEP 3: Obtain estimates for both methods;

proc logistic data=xy descending; model y= a e;

proc logistic data=xy descending; model y= a e2;

run;

Nagelkerke et al. used the Sommer-Zeger data in their paper for illustration. We have provided that dataset should you want to repeat their results.

GEST-C

The GESTC programs provide a G-estimation for the marginal logistic model based on an extension of Robins' G-estimation approach (See T. Ten Have, M. Joffe, & M. S. Cary, Causal logistic models for on-compliance under randomized treatment with univariate binary response, under review). Please see that paper for a description of the method.  This program can also be used for linear outcomes.

The GESTC programs estimate the causal parameters with and without one covariate, in this case, the baseline cholesterol level, "x". The program is written to always accept a covariate, but then a parameter, estlin, has to be set to 0, that is, estlin=0, in order to not have the covariate included. The inputs are as follows.

Inputs:

  p = randomization/instrument probability for subject;

set to 0 if to be estimated using logistic regression

x = matrix of covariates used to predict r in logistic regression (i.e., design matrix)

    (should include constant as necessary) (basechol for this test)

  r = vector of randomization indicators or instruments

  yin = vector of outcomes

  a = treatment received

  comppsi = how should expected compliance be used?

0 = not at all

1 = calculate expected compliance as function of covs, not potential outcome

2 = calculate expected compliance as function of covs, potential outcome

3 = use preassigned "true" values for compliance

pidiff = "true" probability of compliance (only used if comppsi=3)

xcomp0 = no treatment group, xcomp1=treatment group

x2 = design matrix for calculating ey|x from a linear regression

  offset2 = vector of offsets for linear regression

  fnc1 = function of "residual" to use in calculating g-function

         1 = identity

         2 = tanh(resid/c)

         3 = resid   if abs(resid)<c

             c       otherwise

c = scale parameter for use in computing g funct from residual

estlin = 1 estimate regression of ypsi on x2; estlin=0 don't do estimate

deriv = derivative of expected value of the potential outcome when no treatment

        is received with respect to the observed outcome y



   0 = 0  derivative is set to 0

             1 = estimated from regression

Outputs:

  psihat = point estimate of parameter of interest

  pscov = covariance matrix for psi

  numiter = number of iterations to convergence

Parameters (See GESTC.sas)

x2=j(nrow(x),1,1)||x; /*horizontal concatentation*/

fnc1=1;

c=1;

x2s=2;

offset2=0; 

comppsi=2 ;

pest=0;  *NOT NEEDED?;

xds=1;   *WHAT IS THIS FOR?;

pidiff=1;

*estlin=1 to estimate regression and have a covariate 

 estlin=0 for no covariate;

estlin=0; 

deriv=0;  *whether to estimate derivative;

*xcomp1 varies depending on covariates, with no covariates 

*xcomp1=0 if no covariate, and xcomp1=x2 if a covariate;

xcomp1=0;

xcomp0=0;

Appendix: Target Values 

Causal effect parameter with standard error in parenthesis

	
	Iterative G-est
	Nagelkerke
	Intent to Treat
	As Treated

	Unadjusted for covariate
	0.70

(0.35)
	0.70

(0.34)
	0.55

(0.27)
	0.56

(0.27)

	Adjusted for covariate
	0.84

(0.32)
	0.74

(0.35)
	0.58

(0.28)
	0.56

(0.27)
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