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This is the 4th module of a 5-module Seminar on experimental designs for building optimal 

adaptive health interventions.

By now, you know what an ATS is.  You have discussed why they are important in terms of 

managing chronic disorders (indeed, an ATS formalizes the type of clinical practice taking 

place today).  And, you have been introduced to the SMART clinical trial design, the 

rationale for SMARTs, and some important SMART design principles.

In this, we are going discuss the data analysis methods used to address 2 of the typical 

primary research aims posed in SMART trials.

REMIND AUDIENCE: we are now discussing the primary analysis for a full scale SMART not 

a pilot smart (which was the topic of module 3). 



Outline 

Concerning the SAS code, after the workshop I will post the SAS and R code used in all 

analyses in this workshop.

All analyses are done with simulated/altered/fake data. I will post the simulated data along 

with the SAS/R code so you can practice these methods.
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You were introduced to this SMART in modules 1 and 2.

Let’s review some of the characterizing features of this SMART design.
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This is another adaptive treatment strategy .

Note, randomizations have nothing to do with the definition of the each of the 4 adaptive 

treatment strategies (i.e., adaptive interventions) . Important to distinguish between the 

interventions (the strategies) and the experiment (the randomization). This leads to the 

next characterizing feature of this design…[next slide] which is the sequential 

randomizations.
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The sequential randomizations ensure unbiased comparisons between assigned treatments 

both initially (at the first line) and in the future (at the second stage).
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Y is the end-of-study outcome, measured after initial and second line treatments. Here Y is 

continous end of study outcome measuring school performance, on 1 to 5 scale.

O11 O12 and O13 are baseline covariates. In the simulated data online 

O11 = ODD Dx, 

O12 = pre-txt ADHD scores, 

O13 = Whether or not child had taken medication prior to enrolling in the trial

A1 = 1 = behavioral modification initially

A1 = -1 = medication initially

A2 = 1 = intesified the initial intervention

A2 = -1 = added the other intervention to the initial one

R = 1 = response

R = 0 = non-response

In addition to R, there can be other covariates measured after A1 but before A2, such as 

O21 = Time in weeks until non-response (only measured for those with R=0)

O22 = Adherence to first-line treatment = YES(1) or NO(0).

Note that A2 is not applicable/missing by design if R = 1 = response because all partipants 

who respond continue getting their initial treatment

In the data A2 can be either missing ‘.’ for this subjects, or it can be some other number 99. 

That data will not get used.
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These are different ways to talk/write about Typical Primary Question #1:

On average, how do longitudinal outcomes differ between children assigned first to 

medication versus children assigned first to behavioral intervention?

On average, what is the between-groups difference in change in outcomes from baseline to 

12 weeks between children assigned first to behavioral intervention versus children 

assigned first to medication?
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Given a continuous, end of study (e.g., 12 weeks) outcome, then a two-sample t-test is all 

that is needed.

This is just a comparison of two groups of study participants (the blue participants versus 

the red participants).
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Instead of a regression, you can also run a two-sample t-test.  The regression might be 

more efficient, and most clinical trialists recommend using the regression approach and 

adjusting for covariates that were used in the stratified randomization procedure.

You could also use a linear mixed model (HLM/growth curve) or any other standard 

longitudinal analysis to address this aim. A longitudinal analysis is recommended because it 

has more power!

14



Instead of a regression, you can also run a two-sample t-test.  The regression might be 

more efficient, and most clinical trialists recommend using the regression approach and 

adjusting for covariates that were used in the stratified randomization procedure.

15



16



Instead of a regression, you can also run a two-sample t-test.  The regression might be 

more efficient, and most clinical trialists recommend using the regression approach and 

adjusting for covariates that were used in the stratified randomization procedure.

Here, the two methods give almost identical results (as they should). Again, there is no 

effect of first-line txt on school performance.

[ Note to reader: Don’t mind that the sample sizes are not exactly 50/50. A restricted 

randomization procedure was not used in this simulated SMART trial!!! Therefore, the 

sample sizes didn’t end up the same as we know could happen using coin-flips.  The 

important thing is that this is, indeed, still data from a RCT. Equal sample sizes is not 

guaranteed in small samples. ]
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Note that this analysis is less useful in terms of building adaptive treatment strategy 

because this outcome does not incorporate the effects of future/second-line treatments 

(second-line treatments haven’t been offered yet!)

Therefore, this is not a typical primary question in SMARTs. Rather, this is the “myopic 

effect” first-line treatment (in terms of early response rate outcome). It is nonetheless 

interesting and you will want to examine this in your data to see what treatment would be 

recommended if we based our choice of best first-line treatment in terms of the early 

non/response outcome. 

We do this here for completeness to help put the results of our data analysis in further 

context.
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This primary aim is a comparison of 2 maintenance/augmentation strategies that begin 

with different first line treatment.

It is a comparison of two decision rules (notice the if/then).

One could also do all remaining pair-wise comparisons between the 4 embedded ATS. Here 

we chose 1 for illustration.
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Why can’t we just compare the mean of the sample of Ss who followed red vs mean for 

those who followed blue? Due to the way the trial was designed, there is imbalance in the 

responders and non-responders who followed the red ATS.

For example, let’s first consider estimating the mean outcome had all participants followed 

the red ATS . The issue is…[next slide]
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This picture is just heuristic. There are actually R*N/2 in the top red cell and (1-R)*N/4 in 

the bottom red cell. 

Another way to say this: Responders are over-represented in the data BY DESIGN.
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Instead of a regression, you can also calculate the W-weighted mean outcomes for all 

participants following the red ATS.

Robust standard errors to account for the sampling error in the “estimation” of the weights. 

What this really means is we don’t know ahead of time how many responders and non-

responders there will be, so the weights are unknown ahead of time. i.e., they are 

estimated.
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Following the blue ATS leads to better school performance than following the red. 

However, the difference is not statistically significant (p-value = 0.1756) at 5% Type-I error.

But the raw difference is -0.2259 which, when scaled by the inverse of the SD(Y)~=0.93, 

leads to an effect size of 0.23/0.93~=0.25, which is about a “small” effect size according to 

Cohen.

Is there a more efficient estimator of the difference? Yes, [next slide]
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Basically we require an extra step to replicate 

observations (i.e., rows in the data set) of responders, 

such that instead of one observation per responder, 

there are 2 observations per responder (one with 

A2=1 and the other with A2=-1).

The working intuition here is that for comparisons of 

ATS beginning with different initial treatments, then 

we need the weights described earlier, but for some of 

the comparisons, namely two of them, we do not 

need the weighting scheme.  Ex: Consider comparing 

the orange vs blue means: In this case the ATS only 

differ in terms of the final A2 = 1 vs A2 = -1. In this 
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case, weights are not needed and the doubling of the 

responders effectively undoes the weighting discussed 

earlier.

37



The working intuition here is that for comparisons of ATS beginning with different initial 

treatments, then we need the weights described earlier, but for some of the comparisons, 

namely two of them, we do not need the weighting scheme.  

Ex: Consider comparing the orange vs blue means: In this case the ATS only differ in terms 

of the final A2 = 1 vs A2 = -1. In this case, weights are not needed and the doubling of the 

responders effectively undoes the weighting discussed earlier.

38



39



40



41



42



43



44



ISCTM/MJFF Satellite Meeting                      

22 February/S Murphy 45


