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Abstract
Phase 3 programs fail when a treatment that benefits some patients is tested in a population where
many do not respond, and the overall effect is diluted below significance. A subgroup found after
unblinding cannot rescue such a program, because no type I error was allocated to it. A subgroup can
support a label only if it was defined before unblinding, by a rule an independent statistician can apply,
and tested under a multiplicity strategy fixed in advance. Most classifiers produced by modern machine
learning cannot be written into a protocol in that form, because membership depends on a fitted
probability, distance, or similarity. We argue that abstention resolves this. A system that returns No Call
where the evidence does not support an assignment can express membership as a compact logical rule
over baseline values: deterministic, frozen before unblinding, and verifiable without access to the model.
Model Derived Subgroups (MDS) of one to four variables, distilled from higher dimensional models, have
this form. Carried into an all comers trial under weighted graphical multiple testing, an MDS gives the
sponsor two paths to a label. If the overall population succeeds, the subgroup is tested at full alpha at no
cost to the primary claim. If the overall population fails, a prespecified split allocation keeps the
subgroup hypothesis testable, and a positive result can support a label in the population the rule defines.
We set out the allocation choices, their costs, and what the rule must satisfy to define a label. (249
words)

1. Introduction
Late-stage programs often fail for a reason that has little to do with whether the drug works. A treatment
that benefits a subset of patients is tested in a heterogeneous population, the benefit is diluted by those
who do not respond, and the overall effect falls short of significance. The sponsor may then see, in the
data, a group that clearly benefited. By then it is too late. A subgroup identified after unblinding carries
no allocated type I error, and regulators treat it as hypothesis generating.[1, 2] A program that could have
been saved is not.

The obstacle is not statistical theory. Methods for testing a subgroup hypothesis alongside an overall
population hypothesis with strong control of the familywise error rate (FWER) have existed for decades
and are described in regulatory guidance.[1, 2] Heterogeneity of treatment effect is likewise well
characterized as a multivariable estimation problem rather than a sequence of post hoc comparisons.[3]

The obstacle is that the subgroup must be defined before the trial, by a rule that can be written into the
protocol, and most classifiers produced by modern machine learning cannot be. Guidance from the US
Food and Drug Administration (FDA) and the European Medicines Agency (EMA) on artificial intelligence
(AI) in medicines development scales the evidentiary burden with the consequence of the model output.
[4, 5, 6] For a model output that defines a hypothesis tested at a controlled alpha level, that burden
includes a requirement the guidance does not spell out: an independent statistician must be able to
determine, from the recorded baseline data and the written rule alone, which patients belong to the
subgroup.

Page 2/15



This paper makes three arguments. First, a confirmatory subgroup requires a classifier with five
properties, and forcing an assignment for every patient defeats them. Second, abstention restores them:
a classifier permitted to return No Call expresses membership as a logical predicate over observed
values, and the gates that release its rules provide error control at discovery, before any rule reaches a
statistical analysis plan (SAP). Third, such a rule, embedded in an all comers trial under weighted
graphical multiple testing, gives the sponsor two paths to a label: one when the overall trial succeeds,
and one when it does not.

We draw on the published description of one such system for the architecture of the rules it produces.[7]
This is a communication on design and regulatory strategy; it reports no new analyses.

2. What a subgroup must satisfy to support a label
A subgroup hypothesis tested at a controlled alpha level in a registration trial rests on a classifier with
five properties.

1. 1. Prespecified. The variables, the thresholds, the assignment logic, and the intended use are fixed in
the protocol and the SAP before the trial begins.

2. 2. Frozen before unblinding. No component is reestimated, retrained, or retuned once outcome data
begin to accrue.

3. 3. Deterministic. The same patient with the same baseline record receives the same assignment on
every evaluation, with no dependence on seed, fold, fitting order, or software version.

4. 4. Computable from baseline covariates alone. Assignment uses only data recorded before
randomization, on the case report form, with no postbaseline information.

5. 5. Independently verifiable. A statistician holding the baseline dataset and the written rule can
reproduce every patient assignment without access to the model, its parameters, or its training data.

Classifiers with a closed form, such as a logistic regression with published coefficients and a cut point,
or a published scoring rule, can satisfy all five. The machine learning classifiers now proposed for
subgroup discovery generally cannot, and the failure is structural. A model obliged to assign every
patient must place a boundary somewhere, and for an ensemble, a neural network, or a kernel method
that boundary is computed by the fitted model: a predicted probability against a cut point, a distance to a
centroid, a similarity to a prototype. Membership then depends on the fitted object. It cannot be verified
from the trial data alone, because reproducing it requires rerunning the model. It cannot be stated in a
protocol in a form an investigator or reviewer can apply, because it describes what a fitted model says
about the patient rather than the patient. And near the boundary it is unstable: in the small samples
typical of discovery, a borderline assignment is set by parameter estimates that would change on
resampling.

This is the practical content of the preference for intrinsically interpretable models where the stakes are
high.[8] Reporting frameworks such as TRIPOD + AI and CONSORT-AI ask what must be described.[9, 10]
The confirmatory setting asks what must be recomputable.
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Selective prediction, in which a model may withhold an assignment, has been studied mainly as a way to
improve accuracy on the cases a model does classify,[11] and conformal procedures supply coverage
guarantees for prediction sets without distributional assumptions.[12] The property we draw on is
different: permitting abstention removes the need to assign patients the rule does not cover, which is
what allows membership to be written as a predicate over recorded values and keeps unstable
borderline assignments out of the subgroup. The literature on testing a prespecified subgroup assumes
such a classifier exists.[13] Our argument concerns how one is obtained.

3. Model Derived Subgroups: abstention as prespecification

3.1 From higher dimensional models to a compact rule
For clarity, a Model Derived Subgroup (MDS) is a compact rule that characterizes patients predicted to
show, collectively, a significant separation on the endpoint, between treatment arms or, where a single
treatment is studied, in response. An MDS consists of one to four variables, each with a defined interval
or ordinal range. These variables are learned in a preceding step that discovers synergistic combinations
of variables through higher dimensional models. When a model is reported with more than four
variables, it is one of these higher dimensional models that is being shared.[7] What is prespecified in the
SAP is the MDS, not the higher dimensional model, and its compactness is what makes it verifiable: a
rule of at most four interval conditions can be printed in a protocol, read by an investigator, and
recomputed by hand.

3.2 The assignment procedure
Assignment is deterministic and conjunctive. A patient joins a subgroup only if every variable in the
bundle is observed and lies inside its interval, with no distance, similarity, or probability threshold applied
at assignment time.[7, 14] A patient whose observed values do not satisfy any advanced rule receives
No Call. Abstention also operates earlier than assignment: the higher dimensional models from which
the synergistic variable combinations are learned themselves abstain during learning, in that each
candidate configuration is scored on the patients it covers and leaves the remainder unassigned rather
than partitioning the whole cohort.

Membership is therefore a Boolean function of recorded baseline values and a fixed table of intervals. An
independent statistician holding the baseline data and the written rule reproduces every assignment
exactly, without the model, its training data, or its software, and the rule returns the same answer on any
cohort to which it is applied.

None of this survives if the classifier is required to assign every patient. A rule of the form "every variable
observed and in interval" has no natural extension to patients who fail it; extending it requires a nearest
match, which requires a metric, which reintroduces the model. Abstention is therefore not a property
added alongside prespecifiability. It is the property that produces it.
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3.3 The advancement gates as error control at the
discovery stage
The second requirement is that the candidate rule was not selected from a large space by chance. In the
published system a candidate is advanced only if it covers at least 15% of the available training
population, satisfies a prespecified treatment effect or response enrichment requirement, reaches
nominal significance, meets an effect size criterion, and achieves an empirical p value below 0.05
against a random set null built by running the complete search on randomly assembled variable sets of
matching dimensionality under the same optimization budget.[7] The learning objective seeks the largest
subpopulation in which treatment and control separate on the endpoint, because coverage sets the size
of the trial needed to test the subgroup (Section 4.3).

The random set null is the substantive element: it asks whether the observed separation exceeds what
the same adaptive search obtains from arbitrary variable combinations given equivalent freedom. These
gates are screening criteria calibrated to the search itself.[7] Formal multiplicity control belongs to the
confirmatory stage. The gates determine which rules are eligible to be written into an SAP; the
confirmatory alpha is then spent on a single prespecified rule, and the discovery search, which is not
repeated, does not enter the confirmatory analysis.

4. Alpha allocation: two paths to a label

4.1 Closed testing and graphical procedures
The closed testing principle provides strong FWER control: a hypothesis may be rejected at level alpha
only if it and every intersection hypothesis containing it are rejected at level alpha by their own local
tests.[15] Weighted graphical procedures realize this principle for the small families that arise in
confirmatory trials.[16, 17] Hypotheses are nodes carrying initial weights that sum to one, and each is
tested at alpha times its weight. When a hypothesis is rejected, its weight passes along directed edges
to the hypotheses not yet rejected, whose levels rise accordingly. FWER is controlled in the strong sense
throughout, and FDA guidance on multiple endpoints describes these methods for registration settings.
[18]

4.2 A two node graph for a prespecified subgroup
Let H1 be the null hypothesis for the overall randomized population and H2 the null hypothesis for the
called subgroup, with initial weights w1 and w2 summing to one and edges in both directions carrying
the full weight of a rejected node to the other. Figure 1 shows the graph for the three configurations in
Table 1. The choice among them is a choice about what the subgroup is for.
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Table 1
Alpha allocation configurations for a two node graph

Configuration w1 /
w2

Level at which
the primary
claim is tested

Level available
to the subgroup
hypothesis

When a sponsor chooses it

Hierarchical
(fixed sequence)

1.00 /
0.00

Full alpha; no
reduction

Full alpha if H1 is
rejected; not
tested otherwise

Complement expected to
respond much as the called
subgroup does; the subgroup
claim is upside, not insurance

Recycled split,
conservative

0.80 /
0.20

0.80 alpha; a
real and
permanent
reduction

0.20 alpha if H1
fails; full alpha if
H1 is rejected

Complement expected to
show a smaller or null effect;
the subgroup keeps a path to
a label open if the overall
claim fails

Balanced 0.50 /
0.50

0.50 alpha; a
substantial
reduction

0.50 alpha if H1
fails; full alpha if
H1 is rejected

Complement expected to
show no effect or signal
reversal; the subgroup is the
likely basis of the label

H1, overall population hypothesis; H2, called subgroup hypothesis; w1 and w2, initial node weights
summing to one. Recycling transfers weight to hypotheses not yet rejected. It does not restore the
level at which an already tested hypothesis was evaluated, so the reduction in the primary claim's
level under a split is not recovered. Because the subgroup is nested in the overall population,
Bonferroni based graphs are conservative in this setting; weighted Simes and parametric versions
recover part of the loss.[17]

Under a recycled split the subgroup is insurance. With w1 equal to 0.8, H1 is tested at 0.8 alpha and H2
at 0.2 alpha from the outset. If the overall claim fails, H2 is still tested, and a positive result is a
confirmatory finding in a prespecified population: a basis for a label that the program would otherwise
not have. If H1 succeeds, its alpha recycles and H2 is tested at full alpha. The premium is real and
should be stated plainly. The level at which the primary claim is evaluated is permanently reduced, with a
corresponding loss of power, because recycling moves weight forward to hypotheses not yet rejected
and never restores the level at which an already tested hypothesis was evaluated. What the sponsor
buys with that premium is a second route to approval.

Under hierarchical testing the subgroup is upside. With w1 equal to one and w2 equal to zero, H1 is
tested at full alpha and the presence of H2 costs the primary claim nothing. If H1 is rejected, H2 is tested
at full alpha, and a positive result sharpens the label and the clinical message. If H1 fails, however, H2 is
never tested, so this configuration does not rescue a failing program. A sponsor whose principal concern
is the risk of an overall failure should not choose it.

Because the called subgroup is nested within the overall population, the two test statistics are positively
correlated, and Bonferroni based graphs are conservative. Weighted Simes and parametric versions of
the same graphs recover part of the loss,[17] and methods developed for the overall population and
subgroup problem offer further refinement.[13, 19, 20, 21]

4.3 Sizing the subgroup hypothesis
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The size of the called subgroup determines the power available to H2 and nothing else. Power for H2
depends on the expected subgroup fraction, which the rule supplies as its coverage, and on the
treatment effect within the called subgroup, which is a design assumption the sponsor states explicitly.
The separation observed at discovery motivates H2 as a hypothesis; the randomized confirmatory trial
estimates the comparative effect it tests. Coverage enters sizing directly: a trial that needs a given
number of participants in the H2 analysis set must randomize that number divided by the coverage. At a
coverage of 30%, that is roughly 3.3 times the subgroup sample, with every additional participant
contributing to H1. This is why the discovery objective seeks the largest subpopulation in which
treatment and control separate: every gain in coverage reduces the trial needed to test the subgroup.

5. Design: all comers, and no participant excluded by the rule
The design that follows enrolls all comers. The rule labels participants; it does not screen them.

No Call and subgroup negative participants are enrolled, randomized, and analyzed. Every randomized
participant contributes to H1, whatever their rule status. Rule status is determined from baseline data
before randomization, and randomization is stratified by it, so the called and not called strata are
balanced across arms. The rule variables are mandated baseline assessments. Where a required value is
nonetheless missing, the participant receives No Call, remains in the trial and in H1, and is excluded only
from the H2 analysis set. Missingness can affect the subgroup analysis set; it cannot affect access to
the trial.

What remains estimable. This design preserves the overall treatment effect, the treatment effect within
the called subgroup, the treatment by subgroup interaction, safety in both strata, and the effect among
participants the rule does not call. A design that enrolled only the called subgroup would forfeit four of
these five. Retaining them is what allows a regulator to judge where the benefit lies: in the overall
population, or in the population the rule defines.

Enrichment only is the relevant comparison. Against an all comers trial without a subgroup hypothesis,
adding a prespecified H2 costs nothing under hierarchical testing. Against an enrichment only trial, the
all comers design is larger, randomizing roughly 3.3 participants for each one in the H2 analysis set at
30% coverage. The additional participants buy the overall claim, the four estimands that enrichment only
forfeits, and both paths to a label. Whether that is worth the cost depends on the complement.

The complement determines the allocation. Participants the rule does not call enter H1. Where they are
expected to respond much as the called stratum does, they add information to H1 and hierarchical
testing is appropriate. Where they are expected to show little or no effect, they dilute H1, and weight
should move toward H2 through a recycled split. Where randomized discovery data show signal reversal
in the complement, with control outperforming treatment, the complement works against H1; the
allocation should then place substantial weight on H2, or the design should limit enrollment of the
complement as described below. When discovery data are randomized, the effect in the complement is
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estimated alongside the effect in the called subgroup, so this choice is made from evidence rather than
preference. Table 1 sets out the correspondence.

Adaptive enrichment offers a middle course.[22, 23, 24] The trial opens to all comers, and at a
prespecified interim analysis enrollment of the complement stops if it meets a prespecified futility
criterion. Every estimand remains available up to the interim, and the design then recovers much of the
efficiency of enrichment. The interim, the decision rule, and the combination of evidence across stages
are fixed in advance, and methods that control the type I error of such designs are established. Any
restriction then rests on randomized evidence that the complement does not benefit, not on the rule
alone.

Representativeness. The concern that AI derived subgroups will narrow trial populations and encode
underrepresentation in eligibility criteria has been raised in the governance literature, including by one of
us.[25, 26] The design set out here answers that concern directly, because the rule excludes no one. It
obtains the subgroup claim while preserving the evidence needed to characterize benefit and harm in the
population that will receive the product.

Change control. The frozen rule is identified in the SAP by classifier version. Any revision, to an interval
boundary or to a variable, produces a different rule whose coverage must be characterized again before
confirmatory use. This is documentation of the same kind as a database lock, not additional study.

6. Labeling: two paths to a label
The design yields a label on either of two paths, and both depend on the prespecification set out above.

When the overall claim succeeds, the label follows the overall population. The subgroup result, tested at
full alpha after recycling, can inform the description of clinical studies and the clinical message without
narrowing the indication. A label should not narrow merely because a subgroup responds better; the
question is whether the evidence supports an acceptable balance of benefit and risk outside it, and an all
comers design is what makes that question answerable.

When the overall claim fails, a prespecified subgroup can save the program. A positive result on H2,
tested at its allocated alpha, is a confirmatory finding in a population defined before unblinding by a rule
any statistician can apply, and it can support an indication in that population. Abstention strengthens
that case. Because membership is a predicate over recorded values, a reviewer can reconstruct the
analysis population patient for patient from the submitted data, and because the rule declines to assign
borderline patients, the population in which H2 succeeded is not an artifact of where a fitted model
happened to draw its boundary. It does not guarantee one. Regulators will weigh the consistency of the
subgroup result, the plausibility of the mechanism, and the effect and safety in the complement, and may
ask for confirmation.[1, 2] But it is the only route within the trial itself by which a program that misses its
overall endpoint can still yield a labeled product, and it exists only if the subgroup and its alpha were
prespecified. A subgroup found after unblinding offers no such route.
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The rule must be writable into the label. For the second path to be open, the population the rule defines
must be one a prescribing clinician can identify. This is where abstention matters most. A classifier that
assigns every patient defines its population by a model score, and a model score cannot be printed in an
indication. An abstaining rule defines its population by explicit intervals on baseline variables, which can.
An MDS is expressed as one to four variables with explicit intervals, which is the right form for an
indication statement, but each variable must also be measurable in routine care: by an analytically
validated assay, a standard laboratory value, or an instrument with established operating characteristics.
Where a rule variable is a molecular marker, the route to product information runs through a companion
diagnostic. Where it is a single item drawn from a research instrument administered under trial
conditions, it may define an analysis population soundly and still not be writable into a label. The
measurability of each rule variable should therefore be assessed at the design stage and recorded in the
prespecification package, so that the path to a subgroup label is known to be open before the trial
begins.

7. Conclusion
Programs fail when benefit concentrated in some patients is diluted across all of them, and a subgroup
found after the fact cannot rescue them. A subgroup prespecified with its own alpha can. What has
stood in the way is that machine learning classifiers which assign every patient cannot be written into a
protocol in verifiable form. A classifier permitted to abstain can: membership becomes a compact rule
over baseline values that any statistician can recompute, released only after passing gates that provide
error control at discovery.

With such a rule in hand, the remaining machinery is standard. A two node weighted graph carries the
overall and subgroup hypotheses. Under hierarchical testing the subgroup is upside at no cost; under a
recycled split it is insurance, bought with a stated reduction in the level of the primary claim, and it keeps
a path to a label open if the overall trial fails. The expected behavior of the complement determines
which to choose. Enrollment stays all comers, and the label follows the evidence: in the overall
population when it succeeds, and in the population the rule defines when only the subgroup does.
Abstention is what makes the subgroup prespecifiable, and prespecification is what makes it capable of
saving a program.
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Table 2
Prespecification package for a confirmatory subgroup hypothesis

Item What is documented Why it is required

Frozen rule definition Every variable in the bundle with its
value interval and endpoint convention

This is the object the protocol
carries; it must be readable and
applicable without the model

Classifier version and
change control

Version identifier, date of freeze, and
the procedure governing any revision

Establishes that the rule
predates unblinding and fixes
what a revision obliges the
sponsor to redo

Coverage in the
training population

Proportion of the development cohort
meeting the rule

Determines the expected
subgroup fraction and therefore
the power available to H2

Assignment
determinism
statement

Explicit confirmation that no distance,
similarity, or probability threshold is
applied at assignment

Distinguishes a protocol
criterion from a model output

Independent
recomputation
procedure

The steps by which a third party
reproduces every assignment from
baseline data and the written rule

Satisfies the verifiability
requirement that a confirmatory
claim rests on

Hypothesis structure
and alpha allocation

The graph, initial weights, edge
weights, and the resulting local levels

Fixes the multiplicity strategy
before results are available

Handling of No Call
and subgroup
negative participants

Their retention, randomization,
stratification, and analysis population
membership

Establishes that enrollment is
unrestricted and that the overall
analysis is complete

Estimands Overall treatment effect, called
subgroup effect, and treatment by
subgroup interaction, each with its
population and intercurrent event
strategy

These answer different
questions and must be
distinguished in advance

Measurability
assessment

For each rule variable, the instrument,
administrator, and setting required to
obtain it in routine care

Establishes, before the trial,
that the rule can define a
labeled population if only the
subgroup claim succeeds
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Table 3
Decision gates for a prespecified abstaining classifier

Gate What must be established How it is documented What it enables

Discovery That the candidate rule survived
prespecified advancement
criteria, including minimum
coverage, an effect size criterion,
and calibration against an
empirical random set null

Discovery report with
the gates, the random
set procedure, and the
resulting rule with
intervals

A compact conjunctive
rule eligible to be
written into a protocol

Trial
design

That the rule is frozen,
deterministic, computable from
baseline covariates, and
independently recomputable;
that enrollment is all comers and
randomization is stratified by
rule status; that alpha is
allocated across H1 and H2

Protocol and SAP,
incorporating the
prespecification
package of Table 2

A confirmatory
subgroup hypothesis
tested at a known level,
with the overall effect,
subgroup effect,
interaction, and safety
all estimable

Labeling That the evidence supports the
labeled population, overall or in
the population the rule defines;
that each rule variable can be
measured in routine care

Clinical overview and
benefit and risk
assessment, with the
measurability
assessment carried
forward

A label in the overall
population, or, if only
the subgroup claim
succeeds, a label in the
population the rule
defines
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Figure 1

Two node weighted graph for a prespecified subgroup hypothesis, shown for the three allocations of
Table 1. H1 is the overall population hypothesis and H2 the called subgroup hypothesis; node labels give
the initial weight and the resulting local level. Directed edges carry the full weight of a rejected node to
the node not yet rejected. The population panel shows that enrollment is all comers: participants
receiving No Call and those who are subgroup negative are randomized and analyzed within the overall
population supporting H1, and only the called stratum additionally supports H2.
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