Evaluation of Sample Size Formulae for Developing Adaptive Treatment Strategies
Using a SMART Design.

Alenal. Scott” & Janet A. Levy" & Susan A. Murphy*

April 30, 2007

" The Institute for Social Research, University of Michigan. Contact: ixmocane@umich.edu

T Center for Clinical Trials Network, National Institute on Drug Abuse. Contact: jlevy@nida.nih.gov
* Department of Statistics and The Institute for Social Research, University of Michigan. Contact:
samurphy @umich.edu




1. INTRODUCTION

A specialized experimental design called sequential multiple assignment randomized
trials (SMART) has been devel oped to support the investigation of a sequence of
treatmentsin aprincipled way. In Scott et al*, we presented statistical methodology and
an evaluation of that methodology for the design and analysis of simple SMART trials.
We aso introduced and evaluated two new methods for sizing SMART trials. Inthis
report, we present the simulation designs and the programs used to evaluate the sample
size formulae for the SMART design presented in Scott et al*.

2. THE SMART DESIGN AND RELATED RESEARCH QUESTIONS

We assume that we have data from a SMART design modeled in the following way:
there are two options for the initial treatment followed by two treatment options for non-
responders and one treatment option for responders. A representation of thisdesignis
presented in Figure 1. Note that this design is balanced; that is, the two treatment options
for non-responders are the same regardless of initial treatment.

We use the following notation. A; istheindicator (0 or 1) for theinitial treatment, R
denotes the response to the initial treatment (non-response = 1 and response = 0), A, is
the treatment indicator (O or 1) for non-responders, and Y denotes a continuous final
outcome. We use the convention of designating A,=0 for responders. We further assume
the patients are randomized equally to the two treatment options at each level; that is,
Pr{A;=1}= Pr{ A;=0=0.5 and Pr{ A,=1|R=1, A1=j} = Pr{ A,=0|R=1, A;=j}=0.5, j € {0,1}.

A summary of the four research questions we focus on answering with this SMART
design is presented in Table 1; thisis the generic version of Table 2 in Scott et al*. Note
that Analyses 1 and 2 concern the components of an adaptive treatment strategy, and
Analyses 3 and 4 concern strategies as awhole.
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Figure 1. A SMART design to develop adaptive treatment strategies.

Table 1. Four research questions of interest
to guide the development of adaptive treatment strategies

Analysis | Resear ch Question | Null Hypothesis
Two analysesthat concern components of adaptive treatment strategies
1 What is the effect of initial treatment The mean long term outcome for al patients
assignment on long term outcome given assigned to A;=1 initially will be equa to the
specified treatments provided in the mean long term outcome of all patients assigned
interim? to A,=0.
2 Considering only patients who did not Considering only patients who did not respond to
respond to theinitial treatment, what isthe | theinitial treatment, the average long term
best subsequent treatment? outcome for those provided subsequently with
A,=1 will be the same as the long term average
of those provided with A;=0.
Two analysesthat concern entire adaptive treatment strategies
3 What is the differencein long term The mean long term outcome for all those given
outcomes between two strategies that have | strategy A;=1, A,=1 will be equal to the long
different initial treatments, e.g. A;=1, A,=1 | term mean outcome of all given treatment
vs. A;=0, A,=0? strategy A1=0, A,=0.
4 Which treatment strategy producesthe best | Thisis an estimation problem not a hypothesis
outcome? testing problem.




3. TEST STATISTICS AND SAMPLE SIZE FORMULAE

In this section, we present the test statistics and sample size formulae for the four
different types of research questions summarized in Table 1. Without loss of generality,
in Analysis 3, for comparing two strategies, (ay, &) and (bs, b,), that have different initial
treatments, we let a=1 and b;=0.

3.1 Statisticsfor Different Analyses

The test statistics for Analyses 1-3 are presented in Table 2; the method for performing
Analysis4isaso givenin Table 2. Notethat Analyses 1-3 are hypotheses tests and that
Anaysis4isnot ahypothesistest. The test statistics for Analyses 1 and 2 are the
standard test statistics for atwo group comparison with large samples? and are not unique
to the SMART design. The estimator of a strategy mean, used in both Analysis 3 and
Analysis 4, aswell asthetest statistic for Analysis 3 are given in Murphy®. Inlarge
samples, the test statistics used in Table 2 are normally distributed (with mean zero under
the null hypothesis of no effect).

Table 2. Test statistics for each of the possible hypotheses

Type of Analysis Test Statistic

1(1) — —

7 (YAl:l - YAl:O)

SPaic1 SPai-o

NAl:l NAl:O

where Na =i denotes the number of subjects who received i asthe initial treatment
20 Y ket azet - Y et aoe
7 (Y R=1,A2-1 - Y R=1, A2-0)

2 2
\/S R-LA2L S R-1,A2-0

N R=1,A2=1 N R=1,A2=0
where Ngr=;, a2=i denotes the number of non-responders who received i asthe
second treatment

(2) ~ N
3 7 \/N(:uAlzl,AZ:aZ - /uAl:O,AZ:DZ)

B \/szlzl,Azzaz + f2A1:o,A2:b2
where N isthe total number of subjects, and a2 and b2 are the second treatments
in the two prespecified strategies being compared.

Choose largest of Har=1, a2=110 Hp1=0, a2=11 Ha1-1, A2=0» Ha1-0, A2-0

WY and $? the sample mean and the sample variance; the subscript on N denotes the group of subjects
@ See Table 3 for adefinition of ; and 72.




Table 3. Estimators for strategy means and
estimators for variance of estimator of strategy means.
Datafor i patient is of the form (A1, R, A 2, Yi),

where Az, R, A 5, and Y; are defined asin Section 4, and N is the total sample size.

Strate(%y sf;uence flara arsp - EStimator for strategy mean
1y A2,
ZY *All *(R >kA2| +(1 R, ))
Y 05*(R *0.5+(1-R,))
(1' 1) 72 1| *(R >X<A2| +(1 R; ))
7 0.5%(R, *x0.5+(1-R,))
LY kA, % (R *(1-A,) +(1-R))
= 0.5%(R; *0.5+(1-R;))
(1’ O) iZAli *(Ri *(1_A2i)+(1' Ri))
N1 05+#(R,*05+(1-R)))
i - Yi *(1_A1i)*(Ri *Azi +(1'Ri))
N = 05+(R,; *0.5+(1-R}))
(O’ 1) ii(l_Ali)*(Ri *Ay +(1- Ri))
N1 05+#(R,*05+(1-R)))
ZY #(1-Ay) *(R *(1-A,) +(1-R)))
0, 0) 0.5*(R; *0.5+(1-R)))
' Z(l Al.) (Ri *(1_A2i)+(1'Ri))
) 05+(R, *0.5+(1-R;))
Stratez%y saeguence 72a1-a a2—2 . N*Estimator for variance of above estimator of strategy mean
(Y — i) * Ay (R *A, +(1-R))) ’
(L.1) { le 0.5#(R; 0.5+ (1-R,)) j
13 (Yi _ﬁlo)*Ali *(Ri *(1_A2i)+(1' Ri)) ’
(1,0) [NZ;‘ 05#(R, 05+ (1-R,)) j
13 (Yi _/a01)*(1_A1i)*(Ri *Azi +(1‘Ri)) ’
©.1) [NZ; 05#(R, *0.5+ (1-R,)) J
(Y, — fiog) *(1-Ay) * (R, *(1-A,) +(1-R) )
0.0) ( Z 05#%(R; *0.5+(1-R))) ]




3.2 Sample Size Calculations

All sample size formulae assume atwo-tailed z-test. Let abe the desired size of the
hypothesis test and 13 denote the power of the test; let zy, be the standard normal (1—
al2) percentile. Approximate normality of the test statistic is assumed throughout.

In order to calculate the sample size, one must specify the desired detectable standardized
effect size, denoted here by d. We use the definition for standardized effect size found in
Cohen®: the standardized effect size between two groups is the difference between the
means of the two groups divided by the square root of the pooled variance, which isthe
square root of the average of the variances of the two groups being compared. All of the
sample size formul ae make the working assumption that the variances of the two groups
under consideration are equal. The definition of the variance changes with the analysis
under consideration; we will explicitly define the variance assumption as we present each
sample size formulae. In Table 4, we summarize the standardized effect sizesfor the
various analyses we are considering.

Table 4. Standardized effect sizesfor the four analysesin Table 3

Analysis Formulafor Standardized Effect Sized

E[Y |A, =1]- E[Y |A, =0]
1 _\/Var[Y|A1:1]+Var[Y|A1:0]
2

5__ EIYIR=1A,=1]-E[Y|R=1A, =0
2 \/Var[Y|R:1,A2:1]+Var[Y|R:1,A2:O]
2

E[Y |A,=1,A,=a2]-E[Y |A,=0,A, =b2]
\/Var[Y A, =1,A,=a2]+ValY |A,=0,A, =b2]

3 2
where a2 and b2 are the second componentsin the two prespecified strategies
being compared.
E[Y |A,=al,A,=a2]-E[Y |A,=bl,A, =b2]
\/Var[Y |A, =al,A,=a2]+ValY |A,=bl,A, =b2]
4 2

where (&, &) = strategy with the highest mean outcome, (b1, b2) = strategy with
the next highest mean outcome.

The sample size formulae for each of the analysesin Table 1 are summarized in Table 5.
Each formula makes certain working assumptions which are presented below. The
working assumptions are only used to size the SMART design and are not used to
analyze the datafrom the trial.



Working assumptions for sample size formula Ni:
1. Thevariance of outcome Y given the first treatment A;=1 is equal to the variance
of outcome Y given thefirst treatment A;=0; i.e. & = Var[Y|A;=1] =
Var[Y|A;1=0].

Working assumptions for sample size formula N:

1. Thevariance of outcome Y for non-responders who were given second treatment
A,=1isequal to the variance of outcome Y for non-responders who were given
second treatment A,=0; i.e. & = Var[Y|R=1, A,=1] = Var[Y|R=1, A,=0].

2. Theintermediate non-response rates are equal; that is, that the probability of non-
response for a patient given initial treatment A;=1 is the same as the probability of
non-response for a patient given initial treatment A;=0. We will denote this
identical non-response rate by p.

Working assumptions for sample size formula N3z, (sample size varies by non-response
rate):

1. Thevariance of outcome Y given treatment strategy (A1=1, A,=a&) isequal to the
variance of outcome 'Y given treatment strategy (A:=0, A,=by); i.e. & =
Var[Y|A1=1, A2:8Q] = Var[Y|A1=0, A2:b2].

2. Thevariability of the outcome Y around the strategy mean (A;=1, A,=a), among
either responders or non-responders, is less than the variance of the strategy mean
and similarly for strategy (A;:=0, A,=hy).

3. Theintermediate non-response rates are equal; that is, p = Pr{R=1|A1=1} =
Pr{ R=1]A,=0}.

Working assumptions for sample size formula N3, (Sample sizeis invariant to the non-
response rate):

1. Thevariance of outcome Y given treatment strategy (A1=1, A,=a&) isequal to the
variance of outcome'Y given treatment strategy (A1=0, A,=h,); i.e. & =
Var[Y|A1=1, A=a] = Var[Y|A1=0, A,=by].

2. The sample size formulae use the working assumption that the intermediate non-
response rates are both equal to 1; that is, p = 1.

Working assumptions for sample size calculation Ng:

1. The marginal variances of the final outcome given the strategy are all equal and
we denote this variance by s°. This meansthat, s> = Var[Y|A1=a;, A,=a] for all
(a, &) in{(1,1), (1,0), (0.1), (0,0)}

2. The sample sizes will be large enough so that 1, , IS approximately normally
distributed.

3. The correlation between the final outcome 'Y given treatment strategy (1, 1) and Y
given treatment strategy (1, 0) is the same as the correlation between Y given
treatment strategy (0, 1) and Y given treatment strategy (O, 0).



Table 5. Sample size formulae for the four analyses of interest.

Analysis Formulafor Standardized Effect Sized
1 N, =2%2%(z,,+2,)" *(U5)’
2 N,=2%2%(z,,+2,)" *(1/5)’Ip

Na, =2%(2,, +2,)" *(2% (2% p+1(1-p))) * (V5)*

N =2%(z,, +2,)° *4*(U5)*

4 Algorithm®

@ See Appendix for Matlab code; see Scott et al* for more details.

4. SIMULATION DESIGN FOR THE EVALUATION OF SAMPLE SIZE
FORMULAE

In this section, we present the method for designing the simulations to evaluate the
sample size formulae presented in Section 3.2. Since the sample size formulae for
Anayses 1 and 2 are standard formulae, we focus on evaluating the newly developed
sample size formulae for Analyses 3and 4. For each analysis, we present simulation
parameters for generating data that follows the working assumptions; these datasets will
be used in order to evaluate the accuracy of the sample size formulae for Analyses 3 and
4 (i.e. to seeif wein fact achieve the desired power).

We also present simulation parameters for generating data that tests the robustness of the
sample size formulae for Analyses 3 and 4. To test the robustness of a given formula, we
calculate a sample size given by the relevant formulain Section 4.2, and then simulate
data sets of this sample size that do not satisfy the working assumptions in one of the
following ways:
e theintermediate non-response rates to first level treatments are unequal, i.e.
Pr{R=1]A1=1} # Pr{R=1|A;=0},
e thevariances relevant to the analysis of interest are unequal,
e thedistribution of the final outcome, Y, isright skewed (thus for a given sample
size, the test statistic is more likely to have anon-normal distribution).

The sample sizes used for the simulations were chosen to give a power level of 0.90 and a
type | error of 0.05 when one of Analyses 1-3 is used to size thetrial, and a0.90
probability of choosing the best strategy for Analysis 4 when it is used to size the trial;
these sample sizes are shown in Table 6.




We sized the studies to detect a prespecified standardized effect size of 0.2 or 0.5. We
simulated data with intermediate non-response rates of 0.5, 0.7 and 0.9 and with mean
outcomes for the responders usually higher than those for non-responders.

Table 6. Sample Sizes Used for Simulations™®
All entries are for total sample size

Effect Size Non- Analysis#1 | Analysis#2 | Analysis#3 | Analysis#3 | Analysis#4
d response (samplesize | (samplesize
rate® variesby p) | invariant to
p p)
d= 0.20
p=05 1056 2112 1584 2112 608
p=0.7 1056 1509 1796 2112 608
p=0.9 1056 1174 2007 2112 608
d= 0.50
p=05 169 338 254 338 97
p=0.7 169 241 287 338 97
p=0.9 169 188 321 338 97

W All entries assume each statistical test istwo tailed of size a= 0.05 and power 1-8 = 0.90; size is not required for
Analysis 4 sinceit is not a hypothesis test.
@ Analysis 4 is not a hypothesis test; we choose the sample size so that the probability that we choose the best

treatment, given such a“best” treatment exists (i.e. given that there is a treatment strategy that has a higher mean

outcome than the rest) is 1-3.

® |n each formula, non-response rates are assumed to be equal, i.e. p=Pr{ R=1|A;=1} =Pr{ R=1|A=0} .

For Analysis 1-3, power is estimated by the proportion of times out of 1000 simulations
that the null hypothesisis correctly rejected; for Analysis 4, the probability of choosing
the best strategy is estimated by the proportion of times out 1000 simulations that the
correct strategy with the highest mean is chosen.

For Analysis 3, we need to specify the strategies of interest, and for the purposes of these
simulations, we will compare strategies (A;=1, A,=1) and (A1=0, A,=0). For the
simulations to evaluate the robustness of the sample size calculation for Analysis 4, we
choose (A1=1, A,=1) to always have the highest mean outcome and generate the data
according to two different “ patterns’: 1) the strategy means are all different and 2) the
mean outcomes of the other three strategies besides (A1=1, A,=1) are al equal. Inthe
second pattern, it is more difficult to detect the “best” strategy because the highest mean
must be distinguished from all the rest, which are all the “ next highest”, instead of just

one next highest mean.

4.1 How the Data Was Simulated

Each ssimulated data set of size N consists of N vectors of theform (A1, R, A2, Y). The
entriesin each vector are generated in the following way:




1. Generate A1 from aBernoulli distribution with mean 0.5; that is, A1=0 with
probability 0.5 and A;=1 with probability 0.5. This step represents the
randomization between the two options for initial treatment.

2. Generate aresponse R to treatment A; from a Bernoulli distribution with mean
Pa, Where pa=Pr{ R=1|A1=as}, i.e. the non-response rate for treatment A;=a.

3. Next, generate the second treatment for non-responders from a Bernoulli
distribution with mean 0.5; again, this step represents the randomization between
the two options for the second treatment. 1f R=0, then we use the convention A, =
0 (see Table 7).

4. Finaly, generate the final outcomeY given the history A;, R, A,. We assume
that thisfinal outcome given the past, Y|A1, R, Az, isnormally distributed with
mean E[Y|A1, R, A;] and variance Var[Y |A1, R, A;]. Table 7 showsthat there are
Six possible histories, and we must specify a mean and variance for each of these
groups.

Table 7. Dummy coding to reflect treatments potentially tested by the SMART design

Sub-Group Number Initial Treatment Responseto Initial Second Treatment for
A4 Treatment Non-responders
R Az
0 =Response

1= Non-response

ola(dlw(N|(k
o|lo|or|r|kr
olr|r|Ookr|kr
o|lo|r|o|lo|r

In summary, the model for generating a dataset is:
1. A;~Bern(0.5)
2. R|A;~Bern(pai), where
a p = Pr{R=1]A;=1}, the non-response rate when treatment A;=1
b. po=Pr{R=1]A;=0}, the non-response rate when treatment A;=0
3. AzR=1~Bern(0.5); AzJR=0is coded as 0.
4. Y|AL R, A2~N(E[Y|A1, R, Az, Var[Y|A1, R, Az]), with notation
a vara=E[Y|A=a, R=r, A,=a] and
b. gzal‘ ra2 = Var[Y|A1:a1, R:r, A2:8Q],
and the parameters that must be specified to simulate a data set are:
¢ the two non-response rates, pp and pa,
e the six meansfor the final respons&e{vl,l,l, V1,1,0, V1,0,0, V0,1,1, V0,1,0s VO’O’O} , and
e thesix variances for the final respons&e{gzl,l,l, C_,Zlylyo, g21’0’0’ C_,20,1,1, g20|1‘o, gzo‘o‘o} .




For the ssimulations we performed, in all cases except for the simulations which challenge
the equal variance assumption, we set s° = 100.

4.2 Simulation Parameters vs. Parameters for the Effect Size of Interest

One detail to address is the relationship between the means and variances specified in the
simulation design and the means and variances required for the specified effect size for
the particular analysis of interest (Table 4). The variance that is required to calculate the
sample size for a particular effect size is different than the ones that are specified in the
simulations. Therefore, we must define the relationship between the means and variances
in the simulation design (the conditional variances) and the means and variancesin the
specified effect size for the analysis of interest (the marginal variances).

Here we derive the means and variances required for each analysisin terms of the
conditional means and variances specified in the simulation model.

We will use the following representation for the conditional mean:
E[Y|A1=a1, R=r, Azzag] =y1t YZAl + “{3R + Y4A1R + Y5RA2 + YGA1RA2. For reference,
here are the means for the six groups in Table 7 in terms of these “y”s:
o E[Y|A:=L, R=1, Ax=1] =y1+y2+ya+vyatys+ve
E[Y|A1=1, R=1, A=0] =y1+v2+y3+ 74
E[YIAlzl, R=0, AZZO] =y1tvy2
E[Y|A1:O, R=1, A2:1] =y1t y3tystys
E[Y|A1=0, R=1, A>=0] =y1 + v3
E[Y|A1:O, RZO, AZZO] =7Y1.

Throughout the derivations, note that since A1, A, and R are coded as binary variables,
then A1*=A1, A,°=A,, and R*=R.

Meansand Variancesfor Analysis1

God: Find aformulafor E[Y|A1=ay] and Var[Y|A1=ay] intermsof E[Y|A1=a, R=r,
A=g] and Var[Y|A1=a, R=r, A=a].

Derivation of E[Y|A=ay]:

E[Y|Ai=au] =FE[ E[Y]A1, R, Aj] |[A1=a4], (Law of Total Expectation)
= E[y1 + v2A1 + y3R + v4A1R + ysRA2 + yeA1RA: |A1=ay]
=vy1+v280 + (y3 + v480) E[RIA1=a1] + (y5 + y682) E[RA|A1=aY].

Now,
E[RA JA1=ay] =0*0*Pr{R=0, A,=0|A1=a4} + 1*0*Pr{R=1, A,=0]A1=ay}
+ 1*1*Pr{R=1, A=1|A1=ay}
= 1*1*Pr{R=1, A=1|A1=ay}
= (0.5)P{R=1|A1=a} .

11



Also, note that E[R|A1=a1]=pa1, the non-response rate for those given A;=g;. Therefore,

we have

E[Y|A1=a1] = y1 + y22u + Par(ys + y431 + 0.5y5 + 0.5y6a).

Derivation of Var[Y |A;=a]:

Notethat Var[Y|Ai1=a;] = E[Y?|A1=a] - E[Y|A1=a]>.

Using the result for E[Y |A1=ay] above:
E[YIA=a]® = (y1+ 7281 + Paalys + 43 + 0.5y5 + 0.5yea))?
= (y1 + v280)° + 2Pau(y1 + Y230 (y3 + v481 + 0.5(ys + Yean))
+ Par’(v3 + v480 + 0.5(y5 + yean))’.

Next,
E[Y]A1=a)] =E[E[Y)A1 R, Aj] |A1=a], (Law of Total Expectation)
= E[ Var[Y|Ay, R, A + E[Y|A, R, Aj]° |Ar=ad]
=E[ Va[Y|Ay R, Aj] |A1=ay]
+ E[(y1 + v2A1)% + 2R(y3 + YaA1 + ¥5A2 + YeA1A2)(Y1 + Y2A1)
+ R(y3 + yaA1 + vsA2 + Y6A1A,)” |Ar=ay]
= E[ Var[Y|A1, R, A2] |A1:al] + ('Yl + 'YZal)z
+ 2E[R(y3 + y4A1 + v5A2 + Y6A1A2) (Y1 + vou) |[A1=&]
+ E[R%(y3 + 4A1 + y5A2 + Y6A1A2)? |Ar=ay].

Using basic properties of conditional expectation, we have the following.

E[R(y3 + yaA1 + y5A2 + y6A1A) (71 + 72A1) [A1=a4]
= E[RIA1=a1] E[(y3 + v4A1 + y5A2 + v6A1A?) |A1=an] E[(y1 + 72A1) |A1=a]
= Par (3 + 421 + ysE[A2] + yeauE[A2]) (v1 + v221)
= Par (Y1 + y280)(y3 + v421 + 0.5(ys5 + ye2u))

E[R(ys + yaA1 + vsA2 + Y6A1A,)” |A=ay]
= E[R(y3 + 74A1 + y5A2 + 16A1A2)° |A1=a]
= E[RIA=aq] E[(y3 + 74A1 + v5A2 + Y6A1A2)* |A1=ay]
= Pa E[(v3 + 74A1)% + 2(y3 + v4AAD) (YsA2 + 16A1A2) + (v5A2 + Y6A1A2)” |A1=ay]
= Par ((y3 + va21)® + 2(y3 + y4A1)(ys + Y6A1)E[A2]A1=a]
+ (v5 + v6A1)* E[A2|A1=ay])
= par ((y3 + y421)” + 2(y3 + 14A1) (s + YA E[AZ] + (5 + y6A1)* E[A2])
= par ((y3 + y420)” + 2(y3 + y421)(v5 + v682)(0.5) + (5 + y682)%(0.5))

Plugging back into Var[Y|A:=as] = E[Y?A1=a1] - E[Y|A1=a]? we have the following:

Var[Y|A;=a] = E[ Var[Y|AL, R, AJ] JA1=aq] + (y1 + y281)°
+ 2Pan(y1 + v22u)(vs + vaau + 0.5(ys + yedu))

12



+ Par (Y3 + y420)” + (v3 + v420) (s + yean) + (s + yean)” (0.5))
= (y1.+ v280)° - 2Pa(y1 + v220)(y3 + Y421 + 0.5(ys + Yea))
- Par’(v3 + Y42 + 0.5(ys + yean))’.

Cancelling out terms gives us

Var[Y|A1:a1] = E[ Var[Y|A1, R, Az] |A1=a1] +
+ Pa (73 + ya21)” + (v3 + v420) (s + Ye2u) + (5 + vean)” (0.5))
- Par’(v3 + Y42 + 0.5(y5 + yean))’.

Using algebrato ssimplify, we get

Var[Y|Ai=a] = E[ Var[Y|A1, R, Az] |A1=ay] + par (1-Par) (v3 + ya2s + 0.5(ys + yean))?

+ Paz (0.5(ys + yean))’.

Meansand Variancesfor Analysis 2

Goal: Find aformulafor E[Y |R=1, A,=a)] and Var[Y|R=1, A,=a] in terms of
E[Y|A1=a4, R=r, Ay=ap] and Var[Y |[A1=ay, R=r, A=a].

Derivation of E[Y|R=1, A,=a]:

E[Y|R=1, A=a&] =E[ E[Y]|A1, R, Aj] |IR=1, A=), (Law of Total Expectation)
= E[y1 + y2A1 + y3R + 74A1R + ysRA2 + y6A1RA; |R=1, Ay=ay]
=vy1+v3+ (y2 + v2)E[A1|R=1] + ys2p + y6 &E[A1| R=1]

Using Bayes Rule,
Pr{A=|R=1} = P{R=1|A, =a}* P{A, =a}
Y P{R=1|A,=i}* P{A, =i}

i{0,1}

_ P{R=1|A, =a}(0.5)

~ (P{R=1|A, =0+ P{R=1|A, =1)(0.5)
— Pr{R:llAlzal}

~ P{R=1|A,=0}+P{R=1|A, =1}

Using the above formulafor Pr{ A;=ay|R=1},
E[A1R=1] =0*Pr{A1=0|R=1} + 1*Pr{ A1=1|R=1}

_ P{R=1]|A, =1}
~ P{R=1|A,=0+P{R=1|A, =1
_ P

Po+P:
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Therefore, we have

P

ot P

E[Y|R=1, Ay=ap] =y1+y3+ 53+

(Y2 + ya + Yod).

Derivation of Var[Y|R=1, A,=a]:
Var[Y|R=1, Ay=ay] = E[Y?|R=1, A=a] - E[Y|R=1, A,=ay]°.

Using the result for E[Y|R=1, A,=a2] above:

E[Y|R=1, A;=ay] P,

= (Y1 +y3 + ¥53)° + —2— 2(y2 + va + Y630) (Y1 + Y3 + Y52)

o TP

2
+ (LJ (Y2 + v4 + Yo20)?
pO + pl

Next,
E[Y3R=1, Ax=a2] =E[E[Y?AL R, Aj] |R=1, A;=ay], (Law of Total Expectation)
=E[ Va[Y|AL R, Aj] + E[Y|AL R, Aj? |R=1, A,=a]
= E[ Va[Y|AL R, Az |[R=1, A,=ay]
+ E[(y1+ 72A1)* + 2R(y3 + v4A1 + 15A2 + Y6A1A2) (11 + Y2A1)
+ R%(ys + YaA1 + vsA2 + 16A1A)? [R=1, As=a]
= E[ Var[Y|Ay R, Aj] |R=1, A=a]
+ E[(y1 + 12A1)7R=1, Ao=a]
+ 2E[R(y3 + yaA1 + v5A2 + v6A1A2) (Y1 + 12A1) [R=1, Ar=&]
+ E[R?(y3 + v4A1 + v5A2 + 16A1A) [R=1, A=a]

Now, we solve each of the componentsin the second part of E[Y?|R=1, A,=a)].

E[(y1 + v2A1)° R=1, As=2] 25 2
= E[;,l +2’yl’}/2Al+ V2 Al |F\’2:1]
=v1” + 2y1v2E[A1|R=1]+ v2"E[A4|R=1]

=75+ (2yy2 + 3’22)L
pO + pl

Recalling that A;*=A,
E[R(y3 + yaA1 + y5A2 + y6A1A) (71 + 72A1) |R=1, Arx=ag]
= E[R(y3(y1 + v2A1) + yaA1(y1 + v2) + y5A2(y1 + y2A1) + v6A1A2(y1 + 72))|R=1, A=a]

= (v + Yo— D2 )+ yalyr + 12) —P— + ysae(y1 + yo— ) + Yet—Pt— (11 + 72)
0 + 1 0 + 1 0 + 1 pO + 1
= (ya+ ysa)(y1 + 72 Py )+ (ya + ve8)(y1 + v2) P
Py + P, Po + Py
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E[R?(ys + y4A1 + y5A2 + v6A1A,)% |R=1, Ar=ay]
= E[R((y3 + 14A1)° + 2(y3 + Y4A D) (ysA2 + Y6A1A2) + (vsA2 + 16A1A)°) [R=1, A=a]
= E[R(ys + v4A1)" + 2RAx(v3 + 74A1)(vs + Y6A1) + R Az (15 + v6A 1)’ |R=1, A=a]

Py 2ay3ys + 2&(yays + Ysya + YaYe) Py
Po + P, Po + Py

= 73" + (2yaya + v4°)

+ agys” + a(2ysy6 + YGZ)L .
pO + pl

Substituting back into Var[Y |R=1, As=a] = E[Y?R=1, A,=a)] - E[Y|R=1, A,=a,]* and
simplifying, we get

VaYIR=L As=a] = E[ VaYiAs R Ad IR=1, As=ad] + (2 + 1t o) S22
0 1

Meansand Variancesfor Analyses 3 and 4

Goal: Find aformulafor E[Y [A1=ay, A=a] and Var[Y|A1=as, Ay=ap] in terms of
E[Y|A1=ay, R=r, A,=a] and Var[Y|A=ay, R=r, A,=a)].

Derivation of E[Y|A;=al, A,=ay]:

E[Y|A1=aq, Ac=an] =E[ E[Y|A1, R, Aj] |A1=aq, A=a],
= E[y1 + y2A1 + 3R + 74A1R + y5RA2 + y6A1RA2 |A1=an, Ar=ay]
=y1+ voa + E[RIA1=&] (y3 + yadu + y58 + Yeaudp)

Therefore, we have

E[Y|A1=a, Ar=ap] = y1 + v284 + Par(ys + y4eu + Y580 + yetudp).

Derivation of Var[Y |Ai1=ay, Ar=a]:

Var[Y|A;=ay, A=a] = E[Y?|A1=ay, A=a] - E[Y|A1=ay, A=a]’.

Using the result for E[Y |A1=ay, A,=a] above:
E[Y|A1=ay, As=ap)® = (y1+ 7281 + Par(y3 + Y4 + Y58 + Yetuap))”
= (y1 + v2al)" + 2Paa(y1 + v284) (v3 + V42 + Y58 + Yetue)
+ Pa(v3 + Yads + Y582 + You)”
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Next,
E[Y?A,=ay, Av=ar] =E[E[Y?AL R, Aj] |A=ay, Ar=a]
= E[ Var[Y|A1, R, Az] + E[YlAl, R, A2]2 |A2=a1, A2=a2]
= E[ Var[Y|A1, R, Az] |A2:a1, Azzag]
+ E[(y1 + y2A1)” + 2R(y3 + 74A1 + v5A2 + Y6A1A) (y1 + 12A1)
+ R(y3 + YaA1 + y5A2 + Y6A1A2)° [As=ay, As=a]
= E[ Var[Y|A1, R, Az] |A2=a1, Azzag]
+(y1+ y2a0)°
+ 2Pa(y3 + ya8u + yseo + YGalaQQ(Yl + y2a)
+ Par(ys + vadu + Y58 + Yetudp)

Plugging back into Var[Y|A1=a;, A=a] = E[Y?|A1=ay, Ar=a] - E[Y|A1=a, A,=a,]*and
simplifying gives

Var[Y|A1:a1, A2:8Q] = E[ Var[Y|A1, R, AZ] |A1:a1, Azzag]
+ Par(1-Pa) (v3 + V42 + Y530 + Y6tud)’,

4.3 Parameter Values for Data that Follows the Working Assumptions

Now, for each of the four analyses, we present the parameters which give data sets that
conform to the working assumptions presented in Section 3.2

Analysis1

The only working assumption to satisfy for N; isthat the variance of outcome Y given
the first treatment A1=1 is equal to the variance of outcome 'Y given the first treatment
A1=0; in other words, s® = Var[Y|A:=1] = Var[Y|A;=0]. Since the formula does not
depend on an intermediate non-response rate, for the sake of simplicity, we let po = ps,
and denote the common rate by p. Without loss of generality, we choose A;=1 to have
the larger mean outcome. We let s* = 100. The actual values we chose for the
simulations that follow the working assumptions for the sample size formulafor Analysis
1 are summarized in Tables 8a and 8b.
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Table8a. Simulation parametersfor Analysis 1 data
that follows the working assumptions for sample size formula N

Scenario | Effect Non- E[Y|A1=ay, R=r,A,=a,]"Y Var[Y|A=a, R=r, A,=a] ¥
size | responserate Vaira2 Cotra
Po = P1
1 0.2 0.5 {10.25,3.25,15.25,7, 5,12} | {90, 90, 61.625, 95, 95, 86}
2 0.2 0.7 {10.75,3.75,15.75, 7, 5,12} | {80, 80, 67.5083, 95, 95, 84.1333}
3 0.2 0.9 {11.25,4.25,16.25,7,5,12} | {82, 82, 86.725, 96, 96, 94.6}
4 05 05 {13.25,6.25, 18.25,7,5,12} | {80, 80, 71.625, 94, 94, 87}
5 05 0.7 {13.75,6.75, 18.75,7,5, 12} | {80, 80, 67.5083, 90, 90, 95.8}
6 05 0.9 {14.25,7.25,19.25,7,5,12} | {82, 82, 86.725, 96, 96, 94.6}

@ Order in which parameters Vaira2 A€ listed: {Vl 1,1, V1,1,00 V1,00 V0,1,1» V0,1,05 VO,O,O}
@ Order in which parameters Carrz arelisted: {111, %1100 1000 S 0115 S0.2,00 G000}

Table 8b. Related values for simulation parametersin Table 8a

Scenario | Effect | Non-responserate Corresponding y values E[Y|A=ay, Ay=a] @ @
size Po = P1 Maz 22

1 0.2 05 (12,3.25, -7, 5, 2, 5 {(12.75,9.25, 9.5, 8.5}
2 0.2 0.7 {12,3.75, -7, -5, 2, 5} {12.25,7.35, 85, 7.1}

3 0.2 0.9 {12,4.25, -7, -5, 2, 5} {11.75,5.45, 7.5,5.7}
4 05 05 {12,6.25, -7, -5, 2, 5} {15.75, 12.25, 9.5, 8.5}
5 0.5 0.7 {12, 6.75, -7, -5, 2, 5} {15.25, 10.35, 8.5, 7.1}
6 05 0.9 {12,7.25,-7, -5, 2, 5} {14.75, 8.45,7.5,5.7)

@ Order in which y parameters are listed: {y1, y2, V3, Y4 Vs, Yo}
@ Given for informational purposes, not for generative model
® Order in which parameters | »» are listed: { .1, 1.0, Moo, Hoo}

Analysis 2

The working assumptions to satisfy for N, are
e thevariance of outcomeY for non-responders given second treatment A,=11is
equal to the variance of outcome'Y for non-responders given A,=0, denoted s? =
Var[Y|R=1, A,=1] = Var[Y|R=1, A,=0], and
¢ theintermediate non-response rate, pp and p; are equal, denoted by p.
Without loss of generality, we choose A,=1 to have the larger mean outcome for non-
responders. We let s> = 100. The actual values we chose for the simulating data that
follow the working assumptions for the sample size formulafor Analysis 2 are
summarized in Tables 9a and 9b.
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Table9a. Simulation parameters for Analysis 2 data
that follows the working assumptions for sample size formula N

Scenario | Effect | Non- E[Y|A=ay, R=r,A,=a]" Var[Y|A=a, R=r, A,=a,] ¥
size | response Vaira2 Cotraz
rate
Po=P1
1 0.2 05 {6.25,3.25,15.25, 6, 5, 12} {99.9688, 98.4688, 100, 100, 100, 100}
2 0.2 0.7 {6.25,3.25,15.25, 6, 5, 12} {99.9563, 97.8562, 100, 100, 100, 100}
3 0.2 0.9 {6.25,3.25,15.25, 6,5, 12} | {99.9437, 97.2437, 100, 100, 100, 100}
4 0.5 05 {11.25,3.25,15.25,7, 5,12} | {91.9688, 99.4688, 99, 99, 99, 99}
5 0.5 0.7 {11.25,3.25,15.25,7,5, 12} | {89.3563, 99.8562, 98, 98, 98, 98}
6 0.5 0.9 {11.25,3.25,15.25,7, 5,12} | {93.7438, 98.2437, 90, 90, 99, 99}

@ Order in which parameters Vaira A€ listed: {Vl 1,1y V1,1,00 V1,00, V0,1,1» V0,1,05 VO,O,O}
@ Order in which parameters ¢’ . are listed: {*111, 6%1.1.0, 1,00 G011 G01.0r G000}

Table 9b. Related values for simulation parametersin Table 9a

Scenario | Effect | Non-responserate Corresponding y values E[Y|A=ay, A= D@
size Po = P1 Maz,a2
1 0.2 05 {12,3.25, -7, -5, 2, 5} {10.75, 9.25, 9, 8.5}
2 0.2 0.7 (12,3.25,7,-5, 2, 5} (8.95, 6.85, 7.8, 7.1}
3 0.2 0.9 {12,3.25, -7, -5, 2, 5} {7.15, 4.45, 6.6, 5.7}
4 05 05 (12,3.25, 7,5, 2, 6} {13.25, 9.5, 9.5, 8.5}
5 05 0.7 (12,325, 7,5, 2, 6} (12.45, 6.85, 85, 7.1}
6 05 0.9 {12,325, -7, -5, 2, 6} {11.65, 4.45, 7.5, 5.7}

@ Order in which y parameters are listed: {y1, y2, V3, Y4 Vs, Yo}
@ Given for informational purposes, not for generative model
® Order in which parameters | > are listed: { .1, P10, Moo, Hoo}

Analysis 3

As noted previoudly, to generate datafor Analysis 3, we need to specify the strategies of
interest, and we will compare strategies (A1=1, A,=1) and (A1=0, A,=0).

We generated the data according to the working assumptions in common for Nz, and Nap
which are
e thevariance of outcomeY given treatment (A;=1, A,=1) and (A1=0, A,=0),
denoted s? = Var[Y|A:=1, A,=1] = Var[Y|]A;=0, A,=0], and
¢ theintermediate non-response rate, pp and p; are equal, denoted by p.
Additional assumptions were ignored. Note that when we generate a data set of size N3y

using the parameters below, we are aways violating working assumption that p; = po = 1.

Without loss of generality, we choose the strategy (A1=1, A,=1) to have the larger mean
outcome than (A1=0, A,=0). We let s> = 100. The actual values we chose for the
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simulations that follow the common working assumptions for the sample size formulae
for Analysis 3 are summarized in Tables 10a and 10b.

Table 10a. Simulation parameters for Anaysis 3 data
that follows the common working assumptions for sample size formulae N3, and N3y

Scenario | Effect | Non- E[Y|A1=a ,R=r,A=a] Var[Y|A=a, R=r, A,=a] ¥
size | response Vaira et
rate
Po =Pz
1 0.2 05 {6.5,15,14.5,7,5, 12} {99, 46.5, 69, 95, 83, 92.5}
2 0.2 0.7 {6.7,1.7,14.7,7,5, 12} {95, 63.5, 66.8667, 95, 87.8,
94.1667}
3 0.2 0.9 {6.9,1.9,14.9, 7,5, 12} {95, 84.5, 87.4, 98, 95.6, 95.5}
4 0.5 0.5 {9.5,45,175,7,5,12} {98, 45.5, 70, 97, 85, 90.5}
5 0.5 0.7 {9.7,4.7,17.7,7,5, 12} {94, 62.5, 69.2, 97, 89.8, 89.5}
6 0.5 0.9 {9.9,4.9,17.9,7,5, 12} {94, 83.5, 96.4, 98, 95.6, 95.5}

&) Order in which pa]’ameters Vaira2 A€ listed: {Vl 1,1y V1,1,00 V1,00, V0,1,1; V0,1,05 VO,O,O}
@ Order in which parameters ¢’ . are listed: {*111, 6%1.1.0, 1,00 G011 G01.0r G000}

Table 10b. Related values for simulation parametersin Table 10a

Scenario | Effect | Non-responserate Corresponding y values E[Y|A=a, Ay=a] D@
size Po = P2 Mat,22
1 0.2 05 {12, 25, -7,-6, 2, 3} {105, 8, 9.5, 8.5)
2 0.2 0.7 (122.7-7-623} {9.1,56, 85, 7.1}
3 0.2 0.9 {1229-7-623} (7.7,3.2,75,5.7)
4 05 05 {1255-7-623} (135, 11, 9.5, 8.5}
5 05 0.7 {1257-7-623} (12.1,86, 85, 7.1}
6 05 0.9 {1259-7-623} {10.7, 6.2, 75, 5.7}

@ Order in which y parameters are listed: {y1, Y2, Y3 Y4 Y5 Yo}
@ Given for informational purposes, not for generative model
® Order in which parameters | »» are listed: { iy 1, 1o, Moo, Moo}

Analysis4

For the simulations to evaluate the robustness of the sample size calculation for Analysis
4, we choose (A1=1, A,=1) to aways have the highest mean outcome and generate the
data according to two different “patterns’: 1) the strategy means are all different and 2)
the mean outcomes of the other three strategies besides (A1=1, A,=1) are all equal. Inthe
second pattern, it is more difficult to detect the “best” strategy because the highest mean
must be distinguished from all the rest, which are all the “next highest”, instead of just
one next highest mean. In both patterns, we set the variance for al strategies (as, &) to
Var[Y|A1:a1, A2:8Q] =100.




Table 11a. Simulation parameters for Analysis 4 data
that follows the working assumptions for sample size formula N

Scenario | Effect | Non- E[Y|A=a, =r,A,=a] P
size response Vaira2
rate
Po =P1

VarlY|A=a, R=r, A,=a,] ¥
Qzal,r,az

Pattern 1. the mean for (1,1) isthe highest mean, the other three are allowed to vary

1 0.2 05 {75,25,155,7,5, 12} {97, 445,71, 95, 83, 92.5}

2 0.2 0.7 {8.1,31,16.1,7,5,12} {97, 65.5, 62.2, 95, 87.8, 94.1667}

3 0.2 0.9 {8.7,3.7,16.7,7,5,12} {97, 86.5, 69.4, 98, 95.6, 95.5}

4 05 05 {135, 25,155, 7, 5, 12} {100, 17.5, 98, 97, 85, 90.5}

5 05 0.7 {12.75, 2.5, 155, 7, 5, 12} {100, 51.5687, 94.7062, 97, 89.8, 89.5}
6 05 0.9 {12.25, 25,155, 7, 5, 12} {100, 84.1563, 90.4938, 97, 94.6, 104.5}

Pattern 2: the mean for (1,1) is the highest mean and the other thr

ee means are all equal

7 0.2 05 {9,5,12,5,5, 12} {97, 77, 98.5, 95, 95, 80.5}

8 0.2 0.7 {7.85,5,12,5,5, 12} {97, 87.4668, 94.9443, 95, 95, 77.3667}
9 0.2 0.9 {7.2,5,12,5,5, 12} {98, 95.404, 97.264, 97, 97, 82.9}

10 0.5 05 {15,5,12,5,5, 12} {100, 80, 95.5, 97, 97, 78.5}

11 0.5 0.7 {12.15,5, 12,5, 5, 12} {100, 85.3067, 99.9843, 97, 97, 72.7}
12 0.5 0.9 {10.6,5,12,5,5, 12} {100, 95.296, 98.236, 97, 97, 82.9}

@ Order in which parameters Vaira2 A€ listed: {Vl 1,1, V1,1,00 V1,00 V0,1,1» V0,1,05 VO,O,O}
@ Order in which parameters Carrz arelisted: {111, %1100 1000 S 0115 G020 G000}

Table 11b. Related values for simulation parametersin Table 11a

Scenario Effect

Size

Non-response rate
Po =P1

Corresponding y values

E[Y|A=a, A2=3,]P @
Ma1,a2

Pattern 1: the mean for (1,1) is the highest mean, the other three are allowed to vary

1 0.2 05 {12,35,-7,-6, 2,3} {115, 9, 95, 8.5}

2 0.2 0.7 {12,4.1,-7,-6, 2, 3} {105,7,85, 7.1}

3 0.2 0.9 {12,47,-7,-6,2,3} {95,5,75,5.7}

4 05 05 {12,35,-7,-6,2, 9} {14.5,9, 9.5, 8.5}

5 05 0.7 {12,35,-7, -6, 2, 8.25} {13575, 6.4, 8.5, 7.1}
6 05 0.9 {12,35,-7,-6, 2, 7.75} {12.575,3.8, 7.5, 5.7}

Pattern 2: the mean fo

r (1,1) is the highest mean and the other three means are all equal

7 0.2 05 {12,0,-7,0,0, 4 {105, 85, 8.5, 8.5}

8 0.2 0.7 {12,0,-7,0, 0, 2.85} {9.095,7.1, 7.1, 7.1}
9 0.2 0.9 {12,0,-7,0,0, 2.2} {7.68,5.7,5.7,5.7}
10 05 05 {12,0,-7, 0,0, 10} {135, 85, 8.5, 8.5}
11 05 0.7 {12,0,-7,0,0, 7.15} {12.105,7.1, 7.1, 7.1}
12 05 0.9 {12,0,-7,0,0, 5.6} {10.74,5.7,5.7, 5.7}

@ Order in which y parameters are listed: {y1, Y2, Y3 Y4 Y5 Yo}
@ Given for informational purposes, not for generative model
® Order in which parameters | »» are listed: { iy 1, 1o, Moo, Moo}
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4.4 Parameter Vauesfor Data that Challenges the Working Assumptions of Equal Non-
Response Rate

Since the sample size formulae for Analyses 1 and 2 are standard formulae, and we only
present simulation designs for testing the robustness of the newly developed sample size

formulae for Analyses 3 and 4. When we challenge the non-response rate equality
assumption, we calculate the sample size formulafor a particular non-response rate p,
then generate the data with non-response rates Pr{ R=1|A;=1} = p—0.05 and

Pr{R=1|A;=0} =

Analysis3

p+0.05.

Note that when we generate a data set of size N3, using the parameters below, we are
violating both N3, working assumptionsthat p; = pp=pandp = 1.

Table 12a. Simulation parameters for Analysis 3 data
that violate the working assumption of equal non-response rate
for sample size formula N3, and N3y

Scenario | Effect Non- E[Y|A;=a, =r,A,=a,]? Var[Y|A=a, R=r, A,=a,] ¥
size | responserate Vaira et a2
{po, pu}

1 0.2 {0.55,0.45} | {5.75,0.75, 13.75, 7, 5, 12} {99, 51.75, 77.2545, 90, 79.2,
98.4722)

2 0.2 {0.75, 0.65} | {5.95,0.95, 13.95, 7, 5, 12} {97, 70.75, 75.8571, 95, 89, 96.25}

3 0.2 {0.95,0.85} | {6.15, 1.15, 14.15, 7, 5, 12} {97, 91.75, 98.8667, 99, 97.8,
95.25)

4 05 | {055,045 |{8.75 375, 1675 7,5 12} | {98, 50.75, 78.0727, 95, 84.2,
92.3611}

5 05 | {0.75 0.65) | {8.25,3.25, 16.25, 7,5, 12} | {98, 82.25, 85.8857, 97, 934,
95.75}

6 05 | {095,085 |{9.15 415, 17.15 7,5 12} | {97, 91.75, 98.8667, 99, 97.8,
95.25)

@ Order in which pal’ameters Vaira2 A€ listed: {Vl,l,lv V11,01 V1,00, V0,1,1: VO,1,0 VO’O’O}
2 H - 2 H . 2 2 2 2 2 2
@ Order in which parameters ¢% ;> are listed: {c%111, 11,0, €100 0115 S0.1.00 G000}

Table 12b. Related values for simulation parametersin Table 12a

Scenario | Effect | Non-responserate Corresponding y values E[Y|A=ay, Ay=a] D@
size {Po, pi} Ma1,a2

1 02 | {055 0.45) {12,175, 7,6, 2, 3} {10.15, 7.9, 9.25, 8.15}

2 02 | {0.75, 0.65) {12,1.95, 7, 6, 2, 3} {8.75, 5.5, 8.25, 6.75}

3 02 | {0.95,0.85) (12,2.15,7, 6,2 3} (7.35,3.1, 7.25,5.35)

4 05 | {0.55, 0.45) {12,475, 7,6, 2, 3} {13.15, 10.9, 9.25, 8.15}

5 05 | {0.75, 0.65) (12,4.25, 7,6, 2, 3} {11.05, 7.8, 7.75, 6.05}

6 05 | {0.95,0.85) (12,5.15,-7, 6, 2, 3} {1035, 6.1, 7.25, 5.35)

@ Given for informational purposes, not for generative model
@ Order in which parameters |y > are listed: { iy 1, 1.0, Moo, Hoo}
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Analysis4

Table 13a. Simulation parametersfor Analysis 4 data

that violate working assumption of equal non-response rate

for sample size formula N4

Scenario | Effect Non- E[Y|A=a, =1,A,=a]® Var[Y|A;=a, R=r, A,=a] @
size | responserate Vair a2 Carra
{po, pi}
Pattern 1: the mean for (1,1) is the highest mean, the other three are allowed to vary

1 0.2 {0.55,0.45} | {7.4,1.4,14.4,7,5, 12} {100, 34, 77.95, 98, 87.2, 88.6944}
2 0.2 {0.75,0.65} |{7.8,1.8,14.8, 7,5, 12} {100, 58, 68.15, 98, 92, 87.25}
3 0.2 {0.95,0.85} |{8.2,2.2,15.2 7,5, 12} {100, 82, 58.35, 98, 96.8, 114.25}
4 0.5 {0.55,0.45} | {16,5,14,2,5, 13} {100, 57.65, 98.2, 70, 95.65, 70.1167}
5 0.5 {0.75,0.65} | {11,3,14,2,5,13} {100, 60.8, 94.15, 70, 84.25, 99.25}
6 0.5 {0.95,0.85} | {14,8,14,6,9, 13} {100, 94.6, 100, 98, 99.65, 91.45}
Pattern 2: the mean for (1,1) is the highest mean and the other three means are all equal
7 0.2 {0.55,0.45} | {7.895, 3.445, 12,5, 5, {100, 69.0147, 92.4170, 98, 98,

12} 75.4944}
8 0.2 {0.75,0.65} | {6.995,3.92,12,5,5,12} | {100, 85.9173, 83.7175, 98, 98, 69.25}
9 0.2 {0.95,0.85} | {6.53,4.175,12,5,5,12} | {100, 95.3035, 74.5672, 98, 98, 91.45}
10 0.5 {0.55,0.45} | {14.3,3.2,13,5, 5, 13} {110, 58.1075, 91.0577, 98, 98,

67.2444}

11 0.5 {0.75,0.65} | {11.5,3.8,13 5,5, 13} {110, 81.1635, 79.9661, 98, 98, 58}
12 0.5 {0.95,0.85} | {9.925,4.05,13,5,5, 13} | {100, 89.4030, 91.9627, 98, 98, 77.2}

@ Order in which parameters Vaira A€ listed: {Vl,l,ly V1,1,0, V1,0,0: V0,1,1» V0,1,0 V0,0’O}
@ Order in which parameters Carrz arelisted: {111, %1100 1000 S 0115 S0.2,00 G 00,0}

Table 13b. Related values for simulation parametersin Tablel3a

Scenario | Effect | Non-response rate Corresponding y values E[Y|A=a, A=a] P @
size {po, pu} Haz c2

Pattern 1. the mean for (1,1) isthe highest mean, the other three are allowed to vary

1 0.2 {0.55, 0.45} {12,2.4,-7,-6,2, 4} {11.25, 855, 9.25, 8.15}

2 0.2 |{0.75,0.65} {12,2.8,-7,-6, 2, 4} {10.25, 6.35, 8.25, 6.75}

3 0.2 {0.95, 0.85} {12,3.2,-7,-6,2, 4} {9.25, 4.15, 7.25, 5.35}

4 05 | {0.55, 0.45} {13,1,-8, -1, -3, 14} {14.9,9.95, 6.95, 8.6}

5 0.5 {0.75, 0.65} {13,1,-8,-3,-3, 11} {12.05, 6.85, 4.75, 7}

6 0.5 {0.95, 0.85} {13, 1, -4,-2,-3, 9} {14, 8.9, 6.35, 9.2}

Pattern 2: the mean for (1,1) is the highest mean and the other three means are all equal

7 0.2 {0.55, 0.45} {12,0, -7, -1.555, 0, 4.45} {10.1528, 8.1502, 8.15, 8.15}

8 0.2 {0.75, 0.65} {12,0,-7,-1.08, 0, 3.075} {8.7468, 6.7480, 6.75, 6.75}

9 0.2 {0.95, 0.85} {12, 0, -7, -.825, 0, 2.355} {7.3505, 5.3487, 5.35, 5.35}

10 0.5 {0.55, 0.45} {13,0,-8,-1.8,0, 11.1} {13.585, 8.59, 8.6, 8.6}

11 05 |[{0.75,0.65} {13,0,-8,-1.2,0, 7.7} {12.025,7.02,7, 7}

12 05 | {0.95,0.85} {13, 0, -8, -.95, 0, 5.875} {10.3863, 5.3925, 5.4, 5.4}

@ Given for informational purposes, not for generative model
@ Order in which parameters |y o are listed: { iy 1, P00, Moo}
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4.4 Parameter Vaues for Datathat Challenges the Working Assumptions of Equal

Variance

Again, we only present simulation designs for evaluating the newly developed sample

size formulae for Analyses 3 and 4. In challenging the equal variance assumption, we set

one of the variances at 81% of the other variance.

Analysis3

For these simulations, we set Var[Y |A1=1, A,=1] = 100 and Var[Y|A=0, A,=0] = 81.
Additionally, we assume Var[Y |A1=1, A,=1] = Var[Y|A1=1, A,=0] and Var[Y |A1=0,
A=0] =Var[Y]A1=0, Ax=1].

Table 14a. Simulation parameters for Analysis 3 data
that violate working assumption of equal variance for sample size formula N3, and Ngp,

Scenario | Effect | Non- E[Y|A=a, =1,A,=a,]¥ Var[Y|A;=a R=r, A,=a,] @9
size | response Vat a2 et a2
rate chosen so that
Po=P1 Var[Y|A1:1, Azzl] = 100,
Var[Y]A;=0, A,=0] = 81
1 0.2 0.5 {6.403, 1.403, 14.403, 7, 5, 12} {97,445, 71, 75, 63, 74.5}
2 0.2 0.7 {6.603, 1.603, 14.603, 7, 5, 12} {95, 63.5, 66.8667, 75, 67.8, 77.5}
3 0.2 0.9 {6.803, 1.803, 14.803, 7, 5, 12} {95, 84.5, 87.4, 80, 77.6, 67.5}
4 0.5 0.5 {9.257, 4.257, 17.257, 7, 5, 12} {98, 45.5, 70, 70, 58, 79.5}
5 0.5 0.7 {9.457, 4.457,17.457, 7,5, 12} {98, 66.5, 59.8667, 70, 62.8, 89.1667}
6 0.5 0.9 {9.657, 4.657, 17.657, 7,5, 12} {98, 87.5, 60.4, 80, 77.6, 67.5}

&) Order in which pa]’ameters Vaira2 A€ listed: {Vl 1,1y V1,1,00 VLOQO’ Vo,1,1, V0,1,05 VO,O,O}
@ Order in which parameters Carrz arelisted: {111, %1100 1000 G011 S0.2,00 G000}
® Additionally, we assume Var[Y|A,=1, A,=1] = Var[Y|A,=1, A,=0] and Var[Y]A;=0, A,=0] =

Var[Y|A1:O, Azzl] .

Table 14b. Related values for simulation parametersin Table 14a

Scenario | Effect Non- Corresponding y values E[Y|A=a, Ay=a] D@
Size | responserate Mg a2
Po = P1
1 02 |05 {12, 2.403,-7,-6, 2, 3} {10.403, 7.903, 9.5, 8.5}
2 0.2 0.7 {12, 2.603, -7, -6, 2, 3} {9.003, 5.503, 8.5, 7.1}
3 0.2 0.9 {12, 2.803, -7, -6, 2, 3} {7.6030, 3.103, 7.5, 5.7}
4 0.5 0.5 {12, 5.257, -7, -6, 2, 3} {13.257, 10.757, 9.5, 8.5}
5 05 |07 (12, 5.457,-7,-6, 2, 3) {11.857, 8.357, 85, 7.1}
6 05 |09 {12, 5.657, -7,-6, 2, 3} {10.457,5.957, 7.5, 5.7}

@ Given for informational purposes, not for generative model
@ Order in which parameters | »» are listed: { .1, 1o, Moo, Moo}
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Analysis4

For these ssimulations, we set Var[Y |[A1=1, A,=1] = 100 and for next best strategy (0, 1),
Var[Y]|A1=0, A,=1] = 81. Additionally, for Pattern 1, we assume Var[Y|A=1, A,=1] =

Var[Y|A1=1, A,=0] and Var[Y|A1=0, A,=1] = Var[Y|A1=0, A,=0]. For Pattern 2, since
the meansfor all the strategies besides (1, 1) are equal, we assume Var[Y |A1=1, A,=0] =
Var[Y|A1=O, A2:1] = Var[Y|A1:O, A2:0] =81l

Table 15a. Simulation parametersfor Analysis 4 data
that violate working assumption of equal variance for sample size formula N4

Scenario | Effect Non- E[Y|A=a, =r,A,=a]® Var[Y|A;=a, R=r, A,=a] @
size | response Vatra2 Cetraz
rate
Po = P1
Pattern 1°9: the mean for (1,1) is the highest mean, (0,1) has the next highest mean, the other two are allowed

to vary below them

ean of (0,1)

1 0.2 05 (75,25,155, 7,5, 12} {98, 45.5, 70, 80, 68, 69.5}

2 0.2 0.7 {8.1,3.1,16.1,7,5, 12} {90, 58.5, 78.5333, 80, 72.8, 65.8333}

3 0.2 0.9 {8.7,3.7,16.7, 7,5, 12} {95, 84.5, 87.4, 79, 76.6, 76.5}

4 0.5 0.5 {135, 25,155,7,5, 12} {120, 37.5, 78, 76, 64, 73.5}

5 0.5 0.7 {12.75,2.5,155, 7,5, 12} {100, 51.5687, 94.7062, 76, 68.8, 75.1667}
6 0.5 0.9 {12.25,25,155,7,5, 12} {100, 84.1563, 90.4938, 76, 73.6, 103.5}
Pattern 2: the mean for (1,1) is the highest mean and the other three means are all equal

7 0.2 05 {9,5,12,5,5, 12} {120, 62, 75.5, 76, 76, 61.5}

8 0.2 0.7 {7.85,5,12,5,5, 12} {100, 63.3239, 87.9442, 75, 75, 60.7}

9 0.2 0.9 {7.2,5,12,5,5, 12} {100, 76.2929, 79.2640, 75, 75, 90.9}
10 0.5 0.5 {15,5,12,5,5, 12} {100, 42, 95.5, 75, 75, 62.5}

11 0.5 0.7 {12.15,5, 12,5, 5, 12} {100, 58.1639, 99.9843, 75, 75, 60.7}
12 0.5 0.9 {10.6,5,12, 5,5, 12} {100, 74.1849, 98.2360, 75, 75, 90.9}

@) Order in which pal’ameters Vaira2 A€ listed: {Vl 1,1, V1,1,00 V1,00 V0,1,1y V0,1,05 VO,O,O}
@ Order in which parameters ¢’ ;. are listed: {111, 6%1.1.0, 61,00 G011 501,01 G000}
®) Parameters ¢% , »» are chosen so that Var[Y|A;=1, A,=1] = Var[Y|A;=1, A,=0] = 100, Var[Y|A;=0,

A,=1] = Var[Y|A;=0, A,=0] = 81

“) Parameters ¢*, , »» are chosen so that Var[Y|A;=1, A,=1] = 100, and Var[Y|A;=1, A,=0] = Var[Y|A,=0,

A,=1] = Va[Y|A;=0, A,=0] = 81

24



Table 15b. Related values for smulation parametersin Table 15a

Scenario | Effect | Non-response Corresponding y values E[Y|A=a, Ay=a] D@
size rate Maz a2
Po = P2
Pattern 1: the mean for (1,1) is the highest mean, (0,1) has the next highest mean, the other two are
allowed to vary below the mean of (0,1)
1 0.2 0.5 {12,35,-7,-6, 2, 3} {115, 9, 9.5, 8.5}
2 0.2 0.7 {12,4.1,-7,-6, 2, 3} {105, 7, 85, 7.1}
3 0.2 0.9 {12,4.7,-7,-6, 2, 3} {9.5,5,7.5,5.7}
4 0.5 0.5 {12,35,-7,-6, 2, 9} {145, 9, 9.5, 8.5}
5 0.5 0.7 {12, 35, -7, -6, 2, 8.25} {13.575, 6.4, 8.5, 7.1}
6 0.5 0.9 {12,35,-7,-6, 2, 7.75} {12575, 3.8, 7.5, 5.7}
Pattern 2: the mean for (1,1) is the highest mean and the other three means are all equal
7 0.2 0.5 {12,0,-7,0, 0, 4} {105, 85, 8.5, 8.5}
8 0.2 0.7 {12,0,-7,0,0, 2.85} {9.0950, 7.1, 7.1, 7.1}
9 0.2 0.9 {12,0,-7,0,0, 2.2} {7.6800, 5.7, 5.7, 5.7}
10 0.5 0.5 {12,0,-7,0, 0, 10} {135, 85, 8.5, 8.5}
11 0.5 0.7 {12,0,-7,0,0, 7.15} {12.105,7.1,7.1, 7.1}
12 0.5 0.9 {12,0,-7,0, 0, 5.6} {10.74,5.7,5.7, 5.7}

@ Given for informational purposes, not for generative model
@ Order in which parameters |y o are listed: {1, b0, a0, Moo}

4.5 Parameter Values for Data that Challenges the Working Assumptions of Normally
Distributed Final Outcome.

Recall that in Section 4.1, we outlined the method for generating the data. To challenge
the normality assumption, instead of generating the final outcome given a particular
history (A1, R, A2) by anormal distribution with mean E[Y|A1, R, A;] and variance
Var[Y|A1, R, Aj], we generate from a Gamma distribution with the same mean and
variance. That is, instead of generating

Y|AL R, Az~ N(E[Y|AL R, AJ, Va[Y|Ay, R, Az])

we generate Y |A1, R, A, ~ Gamma(a, b) where
_ EY|ALRA,) adb= VALY IALR AL
ValY |A,,R/A,] E[Y |ALRA,]
The mean of this gamma distribution is a*b and the variance is a*b®. The skewness of
thisdistribution is calculated by 2* sgrt(1/a), in other words:

ValY [ALRA,]
E[Y |A, RA, >

skewness = 2* \/

Usethevaluesfor E[Y|A1, R, Ay] and Var[Y|A1, R, A,] specified in Tables 10a and 11a,
but generate the final outcome from a Gamma distribution as outlined here.
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5. RESULTS OF SIMULATIONS FOR EVALUATING THE SAMPLE SIZE
FORMULAE

We present the simulation resultsin their entirety, which we could not do in Scott et al*
due to space constraints. Tables 16a and 16b provide the results of the simulations
designed to evaluate the sample size formulas for analyses 3 and 4 respectively. We also
examined the ability to perform Analysis 4 when we size for one of the other Analyses, in
settings which follow the working assumptions and those which challenge them. Tables
Table 17a-c show the results for detecting the best strategy, i.e. Analysis4, when it is not
used in sizing thetrial.

Table 16a. Investigation of Sample Size Assumption Violations for

Analysis 3 comparing strategies (1,1) and (0,0);
The power to reject the null hypothesis for Analysis 3 is shown when sample sizeis
calculated to reject the null hypothesis for Analysis 3 with power of 0.90 and type | error

of 0.05 (two-tailed)

Simulation Parameters

Simulation Results

(power)

Effect Non- Sample Total Default Non-equal | Non-equal | Non-normal

size response size sample working non- variance® | outcomeY®
rate formula size assumptions | response
(Default) arecorrect rates ™

0.2 05 Nzq 1584 0.893 0.902 0.900 0.882
0.2 0.7 Nzq 1796 0.922* 0.884 0.892 0.896
0.2 0.9 Nzq 2007 0.882 0.910 0.916 0.877*
0.5 05 Nzq 254 0.896 0.864* 0.920 0.851*
0.5 0.7 Nzq 287 0.851* 0.836* 0.872* 0.891
0.5 0.9 Naa 321 0.926* 0.886 0.880 0.898
0.2 05 N2z, 2112 0.950* 0.958* 0.954* 0.974*
0.2 0.7 N3y 2112 0.960* 0.943* 0.927* 0.945*
0.2 0.9 N3y 2112 0.903 0.934* 0.931* 0.898
0.5 05 N3y 338 0.973* 0.938* 0.971* 0.916
0.5 0.7 N3z 338 0.904 0.888 0.939* 0.917
0.5 0.9 N3y, 338 0.937* 0.890 0.889 0.922*

W pr{R=1| A;=1, A,=1} = p-0.05 and Pr{ R=1| A;=0, A,=0} = p+0.05, where p is the “default” non-response rate.
@var[Y| A;=0, A,=0] = .81*Var[Y| A;=1, A,=1]
® The final outcome comes from a gamma distribution.

* The 95% confidence interval for this proportion does not contain 0.90
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Table 16b. Investigation of Sample Size Violations for Analysis 4;
Probability!? to detect the correct “best” strategy
when the sample size is calculated to detect the correct maximum strategy mean 90% of

the time.
Simulation Parameters Simulation Results
(probability)
Effect Non- Pattern® | Sample Default Non-equal | Non-equal Non-
size response size® working non- variance® | normal
rate assumptions | response outcome Y

(Default) are correct rates ©
0.2 0.5 1 608 0.966* 0.984* 0.965* 0.972*
0.2 0.7 1 608 0.972* 0.975* 0.975* 0.979*
0.2 0.9 1 608 0.962* 0.969* 0.964* 0.962*
0.5 0.5 1 97 0.980* 0.985* 0.966* 0.956*
0.5 0.7 1 97 0.961* 0.974* 0.969* 0.972*
0.5 0.9 1 97 0.960* 0.919* 0.976* 0.947*
0.2 0.5 2 608 0.964* 0.953* 0.952* 0.944*
0.2 0.7 2 608 0.926* 0.920* 0.957* 0.937*
0.2 0.9 2 608 0.905 0.929* 0.922* 0.923*
0.5 0.5 2 97 0.922* 0.974* 0.976* 0.948*
0.5 0.7 2 97 0.933* 0.901 0.951* 0.913
0.5 0.9 2 97 0.893 0.917 0.927* 0.885

@ Probability calculated as the percentage of 1000 simulations on which correct strategy mean was selected as the
maximum.

@ 1 refers to the pattern of strategy means such that all are different, but that for (1,1) is always the highest. 2 refersto
the pattern of strategy means such that the mean for (1,1) is higher than the other three and the other three are all equal.
® Calculated to detect the correct maximum strategy mean 90% of the time when the sample size assumptions hold.

@ Pr{R=1JA;=1, A,=1} = p-0.05 and Pr{ R=1]A,=al, A,=a2} = p+0.05, where p is the “default” non-response rate and
(al, a2) isthe strategy with the next highest mean.

Ovar[Y|A=1, A,=1] = .81*Var[Y|A=al, A,=a2], where (al, a2) is the strategy with the next highest mean.

© The final outcome comes from a gamma distribution

* The 95% confidence interval for this proportion does not contain 0.90.

Table 17a. The probability® of choosing the correct strategy for Analysis 4
when sample size is calculated to reject the null hypothesis for Analysis 1
(for atwo-tailed test with power of 0.90 and type | error of 0.05)

Simulation Parameters Simulation Results
Effect size | Non-response | Samplesize Analysis1 Analysis4 Effect sizefor
for Analysis Rate (power) (probability™®) Analysis4
1
0.2 0.5 1056 0.880 1.000 0.325
0.2 0.7 1056 0.896 1.000 0.375
0.2 0.9 1056 0.904 1.000 0.425
0.5 0.5 169 0.934 0.987 0.350
0.5 0.7 169 0.910 0.998 0.490
0.5 0.9 169 0.920 0.998 0.630

@ Probability calculated as the percentage of 1000 simulations on which correct strategy mean was selected as the
maximum.




Table 17b. The probability® of choosing the correct strategy for Analysis 4
when sample size is calculated to reject the null hypothesis for Analysis 2
(for atwo-tailed test with power of 0.90 and type | error of 0.05)

Simulation Parameters Simulation Results
Effect size | Non-response | Samplesize Analysis2 Analysis4 Effect sizefor
for Analysis Rate (power) (pr obability®) Analysis 4
2
0.2 0.5 2112 0.906 0.999 0.133
0.2 0.7 1509 0.897 0.956 0.109
0.2 0.9 1174 0.895 0.716 0.054
0.5 0.5 338 0.895 0.997 0.372
0.5 0.7 241 0.913 0.993 0.397
0.5 0.9 188 0.901 0.978 0.420

" Probability calculated as the percentage of 1000 simulations on which correct strategy mean was selected as the
maximum.

Table 17c. The probability® of choosing the correct strategy for Analysis 4
when sample size is calculated to reject the null hypothesisfor Analysis 3
(for atwo-tailed test with power of 0.90 and type | error of 0.05)

Simulation Parameters Simulation Results
Effect Non- Samplesize | Samplesize | Analysis3 Analysis4 Effect size
sizefor response formula (power) (probability™®) for

Analysis3 rate Analysis4
0.2 0.5 Naa 1584 0.893 0.939 0.10
0.2 0.7 Naa 1796 0.922 0.839 0.06
0.2 0.9 Naa 2007 0.882 0.614 0.02
0.5 0.5 Naa 254 0.896 0.976 0.25
0.5 0.7 Naa 287 0.851 0.990 0.35
0.5 0.9 Naa 321 0.926 0.978 0.32
0.2 0.5 Nap 2112 0.950 0.953 0.10
0.2 0.7 Nap 2112 0.960 0.878 0.06
0.2 0.9 Nap 2112 0.903 0.613 0.02
0.5 0.5 Nap 338 0.973 0.989 0.25
0.5 0.7 Nap 338 0.904 0.990 0.35
0.5 0.9 Nap 338 0.937 0.985 0.32

@ Probability calculated as the percentage of 1000 simulations on which correct strategy mean was selected as the
maximum.




APPENDIX

Matlab Code to Calculate Sample Size for Analysis 4

function N = sanpl esi ze4(maxn, sigma2, delta, conf)

%

% DESCRI PTI ON:

% This formula cal cul ates the sanple size for sizing a
% SMART trial to select the strategy with the highest

% nmean outcone with sonme specified probability.

% We assume a SMART design with two decision points:

% 1) two initial treatnments (ALl in {0, 1})

% 2) two treatnents (A2 in {0,1}) for

% non-responders (R = 1) and mai nt enance treat nent
% for responders (R = 0).

% W nmake the follow ng assunpti ons:

% - The margi nal variances of the final outcone given the
% strategy are all equal and we denote this variance by
% signma2. This neans that,

% sigma2 = Var[Y| Al=al, A2=a2] for all (al, a2) in

% {(1,1), (1,0), (0,1), (0,0)}

% - The final outcone Y is normally distributed.

% - The sanple sizes will be | arge enough so that the
% estimator for the nmean is approximtely normally

% distributed.

% - The correl ati on between

% * the final outcone Y given treatnent strategy (1,1)

% and Y given treatnment strategy (1,0) is the sanme as
% * the correlation between Y given treatnent strategy
% (0,1) and Y given treatnent strategy (0,0);

% we denote this identical correlation by r.

% | NPUT
% maxn: the maxi num sanpl e size the user has avail abl e,
% m ght be constrai ned by cost

% si gma2: variance of the final outcone given a strategy

% del ta: standardi zed effect size the user desires to be

% abl e to detect

% conf: the probability that the strategy estimated to have
% the | argest nean does indeed have the | argest nean
%

% OUTPUT

% N sanpl e size

%

% EXAMPLE

29



% sanpl esi ze4( 3000, 100, .2, .90);
%
%
%

if nargin < 4
conf=.9;
end

x0=[ 1, maxn] ' ;
options = optinset(' Display', " off'," Tol Fun', 1
"Tol X' ,.01);

%find u (i.e. sanple size) such that p0 = conf
[x,fval ,exitflag] = fzero(@u) prob(u, signma2,delta,conf),
x0, options)

N=ceil (x) %N is the sanple size

function [p0] = prob(n, sigma2, delta, conf)
% function used in ‘sanpl esized’

ni t er =20000;

% we assune the variance is constant across the treatnent
% strat egi es;

%s is the variance of the *estimator* of the strategy

% means:

s=si gma2. *4;

% only maki ng one treatnment strategy have an effect, this
% woul d be the hardest to detect:
onel=[delta.*sqrt(sigm?2).*ones(niter, 1), zeros(niter, 3)];

for i=1:100

% full range of possibilities for the correl ation:

r=(i-1)./100;

% Correlation cones from people the treatnent share,

%directly related to the response rate.

% Structure of Sigma cones from sharing responders and

% treatments:

Sigma=[s,r*s,0,0;r*s,s,0,0;0,0,s,r*s;0,0,r*s,s]./n;
try %to make sure the covariance matrix is valid:
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end;

R=chol ( Si gm) ;
catch
[
br eak;
end;
% here is the normality assunption:
R=nvnr nd(onel, Si gna) ;

% how often out of 20000 is the first larger than the
% remaining three, this indicates probability (sonewhat
% anal agous to power for hypothesis test) of finding
%t he best strategy:

test=(R(:,1)> max(R(:,2:4),[],2));

order (i) =mean(test);

% take the one with the worst power, use that to find the
% sanpl e si ze:

[ PO, j] =m n(order');

pO=p0- conf;
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