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Abstract

Adaptive clinical trials can use interim data to select the treatment, patient population,
or endpoint for final testing. Existing methods generally control family-wise type I error
marginally, averaging over the selections that the trial might have made. However, in the drug
development and regulatory process, the ultimate decision generally concerns the adaptively
selected hypothesis, raising an important question: conditional on a hypothesis being selected,
how often is it incorrectly rejected? Marginal error is a weighted average of these selection-
conditional error rates, and therefore marginal error control does not imply selection-conditional
error control. We formalize this distinction and study a two-stage adaptive trial in which
either one or two of five treatments continue after interim selection. A commonly used closed
combination test controls marginal family-wise error, but in our one-treatment illustration each
zero-effect treatment has selection-conditional error of roughly 9.4% at nominal 5%. In contrast,
a selective Gaussian test and a stage-2-only test control selection-conditional family-wise error
in both illustrations. Perhaps surprisingly, the selective Gaussian test is also more powerful
than the combination test in these examples. We call for more discussion in the clinical-trial
community about the appropriate statistical error criterion for adaptive confirmatory claims.

Keywords: adaptive design; family-wise error rate; hypothesis selection; post-selection inference;
seamless phase II/III trial; type I error

1 Introduction

Adaptive clinical trials use accumulating information to modify aspects of a study while it is in
progress. Possible adaptations include early stopping, sample-size revision, treatment or dose
selection, enrichment of a patient subpopulation, and changes to randomization probabilities.
For example, a seamless phase II/III treatment-selection design joins a learning stage and a
confirmatory stage, commonly discontinuing less promising treatments at an interim analysis (Bretz
et al. 2006; Burdon et al. 2026); a platform trial uses a master protocol under which treatments
can enter or leave (Park et al. 2019); and response-adaptive randomization changes allocation
probabilities among ongoing treatments (Robertson et al. 2023). These adaptations target different

1



design components and can coexist. They may shorten development, direct resources toward
more promising comparisons, and, in suitable settings, allow more participants to receive a better-
performing treatment sooner. For these reasons, there is increasing interest in adaptive clinical
trials (Bretz et al. 2009; FDA 2019).

In a conventional non-adaptive trial, the treatment, patient population, primary endpoint, and
analysis are ordinarily fixed before the trial begins, using external scientific and clinical evidence.
The tested hypothesis is therefore fixed relative to the randomization in that trial. Estimand
guidance likewise asks trialists to prespecify the treatment effect of interest (ICH 2019). From the
broader perspective of a development program, however, hypotheses are continuously refined using
laboratory studies and earlier clinical phases, so there is no sharp boundary between learning and
confirmation across the program. An adaptive clinical trial makes this continuation from learning
to confirmation explicit in the design: interim data can determine which treatment–population
hypothesis becomes the final primary question.

Several methods control family-wise error over the entire adaptive trial: closed combination tests for
adaptive hypothesis selection (Bretz et al. 2006), group-sequential treatment-selection procedures
(Stallard and Todd 2003), adaptive Dunnett tests (König et al. 2008), and generalized Dunnett
tests (Magirr et al. 2012). These methods provide strong marginal control under their respective
assumptions, and comparative work has generally assessed them through marginal operating
characteristics rather than selection-conditional calibration (Friede and Stallard 2008). Confidence
intervals after population selection can likewise target overall coverage averaged across selection
decisions (Rosenblum 2013).

In reality, the primary conclusion in an adaptive trial often concerns the selected treatment or
patient population. This raises a repeated-sampling question distinct from the usual trial-level
family-wise error probability: among repetitions in which the same set of hypotheses is selected, how
often is at least one true null hypothesis incorrectly rejected? We call this the selection-conditional
family-wise error rate. Like the usual trial-level marginal family-wise error rate, it is also a frequentist
probability, but one defined within a specified selection event. The corresponding literature on
selection-conditional inference for adaptive clinical trials is notably smaller but growing. Exact
normal-theory tests and intervals have been developed for drop-the-losers designs (Sampson and Sill
2005), with a subsequent extension to binary outcomes (Sill and Sampson 2009). Takahashi et al.
(2022) proposed an exact test conditional on the selected treatment for a design in which treatment
selection uses a short-term binary endpoint and confirmation uses a long-term binary endpoint.
For binary short-term selection and survival confirmation, Sato et al. (2026) constructed a stage-1
randomization p-value conditional on a prespecified treatment-selection event and combined it with
independent stage-2 evidence. The construction of Sato et al. can be viewed as a design-specific
implementation of the selective randomization principle formalized more generally by Freidling et al.
(2026). On the estimation side, Li et al. (2026) construct confidence intervals with exact coverage
conditional on adaptive subpopulation selection. These works use selection conditioning centrally,
but they focus on methodological construction—whether general or design-specific—rather than on
comparing marginal and selection-conditional FWER as general error criteria.

In this short note, we aim to expose the differences between marginal and selection-conditional errors
and stimulate discussion about them in adaptive clinical trials. Section 2 defines the two criteria
and distinguishes the selection-conditional error considered here from the classical conditional-error
function used in adaptive clinical-trial methodology. Section 3 uses two-stage Gaussian examples
that continue one or two treatments to make the distinction concrete. Section 4 discusses further
considerations from design, analysis, and regulatory perspectives.
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2 Marginal and selection-conditional error rates

Consider a two-stage trial with first-stage data X1 and subsequent data X2. The statistical model
is {Pθ : θ ∈ Θ}. There are K candidate null hypotheses H1, . . . ,HK , indexed by [K] = {1, . . . ,K}.
For each θ, let Hj(θ) = 0 if Hj is true under Pθ and Hj(θ) = 1 otherwise. A prespecified rule
applied to X1 returns a random set S = S(X1) ⊆ [K]. After selection, Rj = Rj(X1, X2) indicates
rejection of Hj , with Rj = 0 when j /∈ S. Thus Rj{1−Hj(θ)} = 1 indicates a false rejection of Hj .

The marginal family-wise error rate (FWER) is

FWER(θ) = Pθ

∑
j∈S

Rj{1−Hj(θ)} ≥ 1

 , (1)

Strong marginal FWER control requires FWER(θ) ≤ α for every θ ∈ Θ.

For a fixed θ, Aθ collects all subsets of [K] that have nonzero probability of being selected under Pθ.
For each s ∈ Aθ, define the selection-conditional family-wise error rate as

FWER(θ | s) = Pθ

∑
j∈s

Rj{1−Hj(θ)} ≥ 1 | S = s

 . (2)

Strong selection-conditional FWER control requires FWER(θ | s) ≤ α for every θ ∈ Θ and every
s ∈ Aθ. For a singleton selection S = {j}, this becomes the selected hypothesis’s conditional type I
error, Pθ(Rj = 1 | S = {j}), whenever Hj is true.

The law of total probability gives

FWER(θ) =
∑
s∈Aθ

Pθ(S = s) FWER(θ | s) ≤ max
s∈Aθ

FWER(θ | s). (3)

The weights in this average are non-negative and sum to one. Hence selection-conditional control
immediately implies marginal control. The converse fails because an average can be controlled
while one component is large. Thus, even if the marginal FWER(θ) ≤ α, a selected set s can have
conditional FWER(θ | s) much greater than α. (For example, conditional error rates 0.04 and 0.50
in selection strata with probabilities 0.99 and 0.01 yield a marginal error of 0.0446.)

Marginal FWER is therefore the ex ante probability of at least one false rejection in a trial, averaged
over adaptation paths, whereas selection-conditional FWER requires calibration within each specified
path. Both are repeated-sampling probabilities under a fixed θ; neither is Pθ(Hj true | S = s,Rj = 1)
or another posterior probability that an observed decision is wrong. Preference between them is a
scientific or regulatory choice about calibration, not a logical consequence of reporting a selected
claim.

Our terminology should not be confused with the conditional-error function in adaptive-design
theory. That function is the remaining null rejection probability of an originally planned design
after conditioning on the realized interim data. A modification that spends no more than this
data-dependent remaining error preserves the original unconditional type I error after averaging
over the interim data (Friede et al. 2012; Müller and Schäfer 2001). It does not generally control
error conditional on which hypothesis was selected.
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3 Two-stage Gaussian treatment-selection examples

We now give two concrete examples demonstrating the difference between marginal and selection-
conditional errors. Example 1 selects the stage-1 winner and continues the trial with that treatment,
whereas Example 2 selects and continues the two best-performing treatments.

3.1 Design and model

There are five experimental treatments, indexed by j = 1, . . . , 5, and a control, indexed by j = 0,
with θ ∈ R5. Let Yij denote the sample mean for any group observed at stage i. Each observed
group has N = 100 participants, and individual outcomes have known unit variance. The treatment
effects are the same at both stages. At stage 1,

Y1j
ind∼ N(θj , 1/N), j = 0, 1, . . . , 5, θ0 = 0.

Thus θj is a standardized mean effect. Let J(1) and J(2) index the largest and second-largest
values among Y11, . . . , Y15. We consider two examples. In Example 1, we select the best treatment
in stage 1, S1 = {J(1)}. In Example 2, we select the unordered set of the two best treatments,
S2 = {J(1), J(2)}.
At stage 2, another N = 100 participants are enrolled in each selected-treatment group and in a
new control group.

For each m ∈ {1, 2} and every realizable set s, conditional on Sm = s, the variables (Y2j : j ∈ s)
and Y20 are mutually independent, with

Y2j ∼ N(θj , 1/N), j ∈ s, Y20 ∼ N(0, 1/N),

and are generated independently of the complete stage-1 data.

The two stages therefore have distinct controls and share no participants.

For every observed treatment–control comparison, define

Zij =
Yij − Yi0√

2/N
, i = 1, 2.

For j ̸= k that are both observed at stage i, corr(Zij , Zik) = 1/2 because both comparisons use the
same control data. The stage-1 control cancels from treatment rankings, so ranking the treatment
means is equivalent to ranking Z1j . We test Hj : θj ≤ 0 against θj > 0 at the illustrative one-sided
level α = 0.05. Let Φ denote the standard Gaussian distribution function.

3.2 Three testing procedures

We compare three procedures in both examples.

Closed combination test. We use a Gaussian specialization of the closed combination framework
of Bretz et al. (2006), with exact Dunnett local tests, equal inverse-normal stage weights, and full
closure over the original five hypotheses. For each nonempty I ⊆ [K], let HI = ∩j∈IHj . Let Fd,1/2

denote the distribution function of the maximum of d standard Gaussian variables with pairwise
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correlation 1/2; in particular, F1,1/2 = Φ. Following Dunnett (1955), the stage-1 local Dunnett
p-value for HI is

p1I = 1− F|I|,1/2

(
max
j∈I

Z1j

)
.

If I ∩ Sm is nonempty, the fresh stage-2 local p-value is

p2I = 1− F|I∩Sm|,1/2

(
max

j∈I∩Sm

Z2j

)
.

The single-arm formula reduces to 1− Φ(Z2j). If I ∩ Sm is empty, set p2I = 1, so its stage-2 local
test never rejects. We combine the two stagewise p-values by the equal-weight inverse-normal, or
Stouffer, combination (Bauer and Köhne 1994; Stouffer et al. 1949):

pI = 1− Φ
[
2−1/2Φ−1(1− p1I) + 2−1/2Φ−1(1− p2I)

]
.

A selected Hj is rejected only if pI ≤ α for every I containing j, as required by the closure principle
(Marcus et al. 1976). Under HI , p1I is super-uniform and p2I is super-uniform conditional on X1.
Using the law of total probability, it is not hard to show that pI is also super-uniform. Thus, closure
gives strong marginal FWER control, but not generally selection-conditional control.

Selective Gaussian test. We adapt normal-theory ideas for drop-the-losers designs (Sampson
and Sill 2005) using polyhedral Gaussian conditioning (Fithian et al. 2014; Lee et al. 2016); related
selective inference for adaptive subpopulation selection is developed by Li et al. (2026). Fix a
realizable set s and j ∈ s. Define the pooled statistic

Wj =
Z1j + Z2j√

2
∼ N(

√
N θj , 1).

Let ajk = 1/
√
2 if k = j and ajk = 1/(2

√
2) otherwise, and set Qjk = Z1k−ajkWj . These coefficients

are chosen so that

Cov(Qjk,Wj) = Cov(Z1k,Wj)− ajk Var(Wj) = 0 (k = 1, 2, . . . ,K).

Thus each Qjk has zero correlation with Wj . Since Wj and (Qj1, . . . , QjK) are jointly Gaussian,
Wj is independent of this vector. Expressing the selection inequalities in terms of Wj and the Qjk,
it is not difficult to show that

Wj | (Qj1, . . . , QjK , Sm = s) ∼ TN[Lj(s),∞)(
√
N θj , 1), Lj(s) = 2

√
2max

k/∈s
(Qjk −Qjj),

where TN[L,∞)(µ, 1) denotes an N(µ, 1) variable truncated below at L. Under the boundary null
θj = 0, the selective upper-tail p-value is therefore

pselj =
1− Φ(Wj)

1− Φ{Lj(s)}
. (4)

This p-value is uniform at θj = 0 and super-uniform for θj < 0, conditional on selection. In
Example 1, we reject when pselj ≤ α. In Example 2, we apply Holm’s procedure to the two selective
p-values, giving finite-sample selection-conditional strong FWER control, although the attained
FWER can be conservative.
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Stage-2-only test. Because stage 2 is independent of selection, Example 1 rejects Hj when
Z2j > Φ−1(0.95) ≈ 1.64. In Example 2, suppose S2 = {j, k}. The closed step-down Dunnett
procedure rejects Hj exactly when

Z2j > Φ−1(0.95) ≈ 1.64 and max(Z2j , Z2k) > F−1
2,1/2(0.95) ≈ 1.92,

and analogously for Hk (Dunnett and Tamhane 1991; Marcus et al. 1976). This gives selection-
conditional strong FWER control.

3.3 Configurations and results

We consider θ = (θ1, 0, 0, 0,−0.02) for θ1 = 0, 0.05, . . . , 0.40. Treatments 2, 3, and 4 remain at the
boundary null throughout the grid, treatment 5 is the harmful treatment, and treatment 1 is at the
boundary only when θ1 = 0. The main text reports θ1 = 0.25; results for the other values appear in
Appendix A, together with a global-null calibration benchmark. Every probability in Tables 1 and 2
is estimated from two million repetitions. Under θ1 = 0.25, treatment 1 is selected with probability
0.892 in Example 1 and 0.973 in Example 2; treatment 5 is selected with probabilities 0.020 and
0.208, respectively.

Table 1: Example 1: rejection probabilities at one-sided α = 0.05 for θ = (0.25, 0, 0, 0,−0.02). Marginal
FWER is FWER(θ), and global-null marginal FWER is FWER(0, . . . , 0). The row labeled “Conditional
FWER: boundary null” estimates FWER(θ | s) by pooling the three exchangeable selected sets s =
{2}, {3}, {4}; each fixed-s quantity has the same theoretical value by symmetry. The row labeled “Conditional
FWER: harmful treatment” reports FWER(θ | {5}). Selection-conditional power is Pθ(R1 = 1 | S1 = {1})
and joint power is Pθ(S1 = {1}, R1 = 1). The pooled boundary-null stratum has probability 0.088.

Measure
Closed

combination
Selective
Gaussian Stage-2-only

Marginal FWER 0.0098 0.0051 0.0051

Selection-conditional power 0.6757 0.7094 0.5484

Joint power 0.6025 0.6326 0.4890

Conditional FWER: boundary null 0.0942 0.0494 0.0492

Conditional FWER: harmful treatment 0.0726 0.0363 0.0373

Global-null marginal FWER 0.0499 0.0502 0.0499
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Table 2: Example 2: FWER and power at one-sided α = 0.05 for θ = (0.25, 0, 0, 0,−0.02). Marginal
FWER is FWER(θ), and global-null marginal FWER is FWER(0, . . . , 0). The one- and two-boundary-null
conditional-FWER rows estimate FWER(θ | s) by pooling, respectively, the selected sets s = {1, j} for
j = 2, 3, 4 and the three selected sets contained in {2, 3, 4}. The fixed-s quantities pooled within each
row are equal by exchangeability. Selection-conditional power is Pθ(R1 = 1 | 1 ∈ S2) and joint power is
Pθ(1 ∈ S2, R1 = 1). The one- and two-boundary-null strata have probabilities 0.776 and 0.016, respectively.

Measure
Closed

combination
Selective
Gaussian Stage-2-only

Marginal FWER 0.0449 0.0439 0.0432

Selection-conditional power 0.5839 0.6629 0.4421

Joint power 0.5679 0.6448 0.4300

Conditional FWER: one boundary null 0.0469 0.0468 0.0454

Conditional FWER: two boundary nulls 0.0677 0.0471 0.0472

Global-null marginal FWER 0.0437 0.0470 0.0498

We would like to highlight two observations from these tables. First, the closed combination test
controls marginal FWER, yet in Example 1 its conditional false-rejection probability for a selected
boundary-null treatment is about 9.4%, above the nominal 5%. In Example 2 its conditional
FWER reaches about 6.8% when two boundary-null treatments are selected. The selective and
stage-2-only procedures control both marginal and selection-conditional FWER, as established for
these procedures in Section 3.2.

Second, the selective Gaussian test has higher selection-conditional power than the closed combination
test here while providing the stronger conditional guarantee. The difference is about three percentage
points in Example 1 and eight percentage points in Example 2; joint power shows the same pattern.
The selective method gains by using the fully specified Gaussian top-m selection rule, whereas
combination procedures permit broader adaptation, and alternative local tests or weights may
behave differently. The stage-2-only procedure uses no stage-1 confirmation information and has
lower power here. These examples do not establish general dominance, but they show that methods
targeting selection-conditional error control can be more powerful than standard methods designed to
control marginal FWER. Sato et al. (2026) also reported a related, design-specific power advantage
for their selective randomization procedure over the combination-test procedure of Friede et al.
(2011).

4 Discussion

To recap the main message of this short note, marginal and selection-conditional error rates
correspond to different frequentist repetitions. Selection-conditional control implies marginal control,
but not vice versa. The Gaussian examples show that the resulting difference can be substantial.

Which criterion should govern an adaptive confirmatory trial is a practical and regulatory question,
not a mathematical question alone. In discussing group-sequential methods, FDA guidance says
that multiplicity adjustments “ensure the overall Type I error probability of the trial is controlled
at 2.5 percent” (FDA 2019, p. 7). The ICH E20 draft similarly describes the common approach
as limiting “the probability of false positive efficacy conclusions within a trial” through control of
the type I error probability (ICH 2025, p. 6). Neither document discusses selection-conditional
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error in the sense defined here. The phrase “type I error control” is therefore incomplete unless the
repetitions being averaged, and any conditioning event, are stated. The same distinction applies
to estimation: estimand guidance does not determine whether an interval for a selected estimand
should have marginal or selection-conditional coverage (ICH 2019; Li et al. 2026; Rosenblum 2013).
In our view, selection-conditional error is often the more relevant risk for the ultimate decision
because that decision generally concerns the adaptively selected hypothesis. But this is our position,
not an established regulatory principle. Further debate among trialists, clinicians, sponsors, patients,
and regulators is therefore needed.

Regardless of which error criterion is chosen, adaptive trials require careful prospective planning. A
marginal procedure must specify the hypothesis family and provide enough detail about the adapta-
tion and testing algorithm to justify its unconditional reference distribution. Some combination
methods allow broad data-dependent treatment selection without requiring every possible decision to
be encoded as a rigid deterministic map (Bretz et al. 2006; König et al. 2008). Selection-conditional
analysis must additionally specify every relevant input and a reproducible deterministic or stochastic
decision rule sufficiently well to reconstruct the selection event for counterfactual datasets. Merely
recording the rationale for the realized decision does not define that event; any deliberative inputs or
randomness must be incorporated into the selection model. This requirement is especially concrete
for selective randomization methods: the prespecified selection rule must be reapplied under each
alternative treatment assignment in the randomization distribution (Freidling et al. 2026; Sato
et al. 2026). Design and analysis should therefore be developed together. Data splitting reserves
independent information for confirmation. Data carving uses information not exhausted by selection,
and randomized selection can soften the conditioning event and improve power or interval length
(Fithian et al. 2014; Tian and Taylor 2018). Selective randomization inference similarly makes
explicit which information passes between stages (Freidling et al. 2026). These approaches may
allow scientific flexibility while retaining a defined reference distribution. Sample-size calculations
must use the intended error criterion and final analysis, because power under marginal calibration
need not transfer to a conditionally calibrated procedure, or vice versa.

Methodological development can proceed in parallel with clearer discussion of statistical risk. The
Gaussian examples assume known variance, one or two selected treatments, a fixed stage-2 sample
size, and a continuous endpoint. Real trials may stop early, revise sample size, select populations,
or use different short- and long-term outcomes. Survival outcomes are particularly challenging
because participants enrolled before adaptation continue to accrue follow-up afterward. Outside
the clinical-trial literature, there is considerable interest in post-selection and post-model-selection
inference, and methods such as data carving and randomized selection have been developed for
those problems (Fithian et al. 2014; Kuchibhotla et al. 2022; Lee et al. 2016; Tian and Taylor 2018).
Recent econometric, operations-research, and bandit literatures study inference after data-dependent
decisions, including selected winners (Andrews et al. 2024), policy evaluation under adaptive
allocation (Hadad et al. 2021), batched bandits (Zhang et al. 2020), asymptotic representations for
adaptive experiments (Hirano and Porter 2025), and optimal inference conditional on the realized
design of a batched adaptive experiment (Chen and Andrews 2026). Further work is needed to
extend these methods to adaptive clinical trials.

Conditioning is not costless. Rare selection events can produce unstable selective analyses, and
conditional confidence intervals can be wide or unbounded (Kivaranovic and Leeb 2021); conditioning
on more information than was used for selection can waste power (Fithian et al. 2014). If marginal
inference over the whole hypothesis family is the scientific target, a suitably constructed unconditional
procedure can dominate a conditional procedure (Goeman and Solari 2024); the selective test’s
advantage in Tables 1 and 2 does not contradict that result. Nevertheless, the statistical problem
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should be defined before methods are ranked. If selection-conditional error is the relevant risk for
a decision, its computational, power, and implementation challenges are design problems to be
addressed rather than reasons to substitute a different guarantee.
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A Additional numerical results

The effect grid uses θ = (θ1, 0, 0, 0,−0.02) with θ1 = 0, 0.05, . . . , 0.40. The principal value θ1 = 0.25
uses two million repetitions; each other grid value uses 10,000,000 repetitions. Figure 1 reports
selection-conditional and joint power, while Figure 2 contrasts marginal FWER (solid curves) with
selection-conditional FWER in the exchangeable boundary-null strata (dotted curves). Across
displayed grid points, marginal-FWER Monte Carlo standard errors are at most 0.00049, power
standard errors are at most 0.00132, and selection-conditional-FWER standard errors are at most
0.0059. Every displayed pooled conditional stratum contains at least 4,059 repetitions, and no grid
point is omitted.
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Figure 1: Selection-conditional and joint power across the effect grid for Example 1 (top row) and Example 2
(bottom row). In Example 2, the legend labels “Selective Gaussian” and “Stage-2-only” abbreviate Selective
Gaussian–Holm and Stage-2-only Dunnett, respectively. At θ1 = 0, the arm-1 ordinate is a rejection
probability rather than power.
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Figure 2: Marginal FWER (solid) and selection-conditional FWER (dotted) across the effect grid. In
Example 2, the legend labels “Selective Gaussian” and “Stage-2-only” abbreviate Selective Gaussian–Holm
and Stage-2-only Dunnett, respectively. In Example 1, the conditional stratum pools S1 = {2}, {3}, {4};
in Example 2, it pools the three selected sets contained in {2, 3, 4}. At θ1 = 0, treatment 1 is a true null,
whereas it is an alternative at positive grid values; the connected solid curve therefore crosses a change in the
true-null set. The horizontal line marks the illustrative level 0.05. The two panels use different vertical scales.
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