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Motivation

« Adult trial in subjects with previously treated advanced or recurrent solid tumors
harboring DNA repair deficiencies:

Endpoint: response to treatment (dichotomous)
Two arms: Targeted therapy vs. Physician’s choice
« DNA repair deficiencies also occur in children
—> investigate targeted therapy in a single-arm pediatric trial
Question: Should this single pediatric arm be designed as stand-alone arm or can

power gain be expected when borrowing information from the adult targeted
therapy arm?
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Planning the pediatric arm with stand-alone evaluation:
Bayesian approach (1)

 Number of responders in children, Ry,.; ~ Bin(nyeq, p)
« Test Hy: p =pgvs. Hi: © > pg, po = 0.2
« Typel errorrate a = 0.05

° nped = 40

« Bayesian approach: Use beta-binomial model

Rpea | p ~ Bin(peq, p), n(p) = Beta(0.5, 0.5)

« Evaluate efficacy based on Bayesian posterior probability:

P(p > p0|rped) >c,e.g., c = 0.95.
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Planning the pediatric arm with stand-alone evaluation:
Bayesian approach (2)

Posterior probability P(p > p0|rped) as a function of 1,4
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Planning the pediatric arm with stand-alone evaluation:
Bayesian approach (3)

Posterior probability P(p > p0|rped) as a function of 1,4
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In general: -

For every c € [0, P(p > PolTpea = nped)] there exists a unique b € {0,1, ...,nped}

with P(p > p0|1”ped) = CSTpeq = b (Kopp-Schneider et al., 2018)
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Planning the pediatric arm with stand-alone evaluation:
Frequentist approach

« TestHy: p=povs. Hi: p > pg
« Typel errorrate a, e.g., a = 0.05
« Uniformly most powerful (UMP) level a test is given by:
reject Hy & Tped = bymp(@)
« Here: byp(0.05) =13 )
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Planning the pediatric arm with stand-alone evaluation:
Power function (1)

Power = f (ptrue)

— P(Rped = blptrue)

n
— Z P (Rped — Tpedlptrue)l{rpede}
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Planning the pediatric arm with stand-alone evaluation:

Power function (2) 1.0 ....oooooooooooooooooo:;;;ooo
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(c selected appropriately)
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Borrowing from adult information for the pediatric arm

Use information from adults to inform the prior for the pediatric trial.

Hope
If treatment is successful in adults, then power is increased for pediatric trial:
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Adaptive power parameter (1)

Power prior approach with power parameter § € [0, 1]:
T[(plradur §) L(P; radu)an(p)

Adapt § = S(rped, radu) such that information is only borrowed for similar adult and
pediatric data:
— 5(rped,radu) large when adult and children data are similar

— 5(rped,radu) small in case of prior-data conflict.
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Adaptive power parameter (2)

Result from adult trial: e.g., 734y, = 12 among n,4y = 40 (Pggy = 0.3)

Use an Empirical Bayes approach where S(rped; Tadu = 12) maximizes the
marginal likelihood of § (Gravestock, Held et al. 2017):

S(Tped; Yadu = 12)
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Adaptive power parameter (3)

P (p > PolTpeds Tadus S(rped;radu)) > ¢ = 0.95 corresponds to 1peq = b = 11
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Adaptive power parameter (4)

P (p > PolTpeds Tadus S(rped;radu)) > ¢ = 0.95 corresponds to 1peq = b = 11
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Adaptive power parameter (5)

«  For this situation: P (p > PolTpeds Tadus S(rped,radu)) is monotonically

increasing in 1e4

. P(p > PolTpeds Tadus 8) > ¢’ = 0.99 corresponds to Xpeq = b =13
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Robust mixture prior (1)

*  Another way of discounting prior information is given by the use of robust
mixture prior as convex combination of an uninformative prior and a prior that
incorporates external information (e.g., Schmidli et al. (2014))

n(p) = wBeta(0.5+1r,4y, 0.5+N,44—"aqy) T (1 —w) Beta(0.5, 0.5)

o Here:w = 0.5

e Posterior is convex combination of Beta distributions with weight w
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Robust mixture prior (2)
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Robust mixture prior (3)

P(p > PolTped Tadus vT/) > ¢ = 0.95 corresponds to 1,oq = b = 11
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“Extreme borrowing” (1)
«  Artificial method for illustration of not monotonically increasing

P(p > p0|rped,radu): borrow adult information & P4y, = Pped
« Assumengy, = 100, 7,44 = 30 = Pygy = 0.3

Here: borrow all adult information if peq = 0.3 = 1,04 = 12
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“Extreme borrowing” (2)
« Artificial method for illustration of not monotonically increasing
P(p > p0|rped,radu): borrow adult information & pgqy, = Pped
« Assume ngg, = 100, 154, =30 = D4, = 0.3

Here: borrow all adult information if peq = 0.3 = 1,04 = 12

Forc =095=>b=12
= type | error rate = 0.088
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“Extreme borrowing” (3)
Artificial method for illustration of not monotonically increasing
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=40;r,4,=30,n,4,=100)
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Forc = 0.9976
= reject Hyif b=120rb =16
= type | error rate = 0.047
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“Extreme borrowing” (4)

Reject Hyif b € {12} U {16,17,.
Compare to: ReJect H,if b€ {13,17,...,40}
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Borrowing from adult information in general (1)
. IfP(p > p0|rped,radu) is monotonically increasing in 73,4,

then there exists ¢’ with

P(p > polrped:radu) >c' S Tped = bump(a) ()
and b yp(@) is the level @ UMP test boundary.
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Borrowing from adult information in general (2)
. IfP(p > p0|rped,radu) is monotonically increasing in 1,4,

then there exists ¢’ with

P(p > polrped:radu) >c' S Tped = bump(a) ()
and b yp(@) is the level @ UMP test boundary.

N § P(p > PolTpeds Tadu ) is not monotonically increasing in 1.4,
then there are 3 options:

(" " o —o O O )
1. a threshold ¢’ with (*) can still be identified. < ® c'
@
2. if no ¢’ with (*) can be identified, then either \ J
4 ™
a. the test does not control type | error &
C
or
®
b. the test controls type | error but is not UMP. - /

— The trial may be considered a success for 1,4 responses and a
failure for one more pediatric response (rpeq +1) <=

-
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Summary

View decision rule as test function (p(rped) = 1{P(p>po|rpedn‘adu)26}

— There is nothing better than the UMP test!

This holds for all situations in which UMP tests exist:
exponential family distribution
one-sided tests, two-sided tests (equivalence situation)
one-sided comparison of two normal variables ...

This should also hold in situations in which UMP unbiased tests exist
since decision rule should be unbiased:
two-sided comparisons
comparison of two proportions ...

True for any (adaptive) borrowing mechanism (power prior, mixture prior, ...)

Proven by Psioda and Ibrahim (2018) for one-sample one-sided normal test with
borrowing using a fixed power prior.
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Conclusion

« If strong frequentist type | error control is desired in a situation where a UMP
test exists, external information is effectively discarded.

« However, if prior information is reliable and consistent with the new
information, the final operating characteristics of the trial can be improved:
increased power or lower type | error, depending on where prior information is
placed (but at expense of the other characteristic).

— Incorporation of prior information can give a rationale for type | error
inflation with benefit of a power gain.
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