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Introduction

Artificial intelligence is moving rapidly into the processes that determine which patients are considered for clinical trials.
Contemporary systems can retrieve candidate studies, interpret complex eligibility rules, compare patient characteristics with
trial requirements, and rank apparently suitable trial opportunities [1]. Large language models extend this capacity by
decomposing eligibility into criterion-level judgments and integrating those judgments into patient—trial recommendations [2].
The resulting technological shift is often described as an answer to well-known operational problems: manual screening is
labor intensive, eligibility language can be difficult to interpret consistently, and potentially eligible patients may never be
identified. Those problems are important, but they do not exhaust the methodological consequences of Al-mediated
participation.
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Eligibility rules themselves are increasingly computational objects. Large language models can extract structured trial criteria
from protocol text [3], while smaller or distilled models can be adapted to patient—trial matching tasks [4]. This transformation
matters because a computational representation is not merely a faster route to a fixed decision. Different representations can
affect which characteristics are recognized, how ambiguous concepts are operationalized, and which candidates are placed
near or beyond an eligibility boundary. Recent work has also moved upstream from matching existing protocols toward
analysis of eligibility-criteria structure and clustering, creating a potential role for Al in the design or revision of the rules
themselves [5]. At the implementation end of the same continuum, Al-enabled systems linked to standardized clinical data can
perform near-real-time prescreening of patients for oncology trials [6]. Trial participation can therefore be influenced at
multiple points: during protocol construction, criterion interpretation, case finding, ranking, prescreening, and referral.
The usual technical question is whether such systems identify eligible patients accurately. The methodological question
developed here is different: what clinical question is being preserved when the system changes who enters the trial? An
eligibility algorithm can have high predictive accuracy relative to the written protocol and still contribute to a population that
differs systematically from the population for which the treatment question was intended. Conversely, an Al system may
broaden practical access without materially altering the treatment-effect distribution or the inferential target. The scientific
problem is therefore not whether algorithmic selection is intrinsically harmful or beneficial. It is how to distinguish efficiency
gains that preserve the intended question from selection changes that redefine it.
This distinction is especially important because randomized treatment assignment protects internal comparison within the
randomized trial population, but it does not make the composition of that population irrelevant. The population in which
treatment is randomized determines which combinations of baseline risk, biological state, prior treatment, comorbidity,
concomitant therapy, demographic characteristics, and care context contribute information to the estimated treatment effect.
When these variables are only prognostic, changing their distribution may affect event rates or precision without necessarily
changing the underlying treatment contrast. When they modify treatment effect, however, changing their distribution can
change the average effect observed in the enrolled population. The same enrollment change can therefore be operationally
beneficial, statistically neutral, or inferentially consequential depending on what characteristics are shifted and how they relate
to treatment response.
The methodological problem also extends beyond heterogeneity. An estimand defines the treatment effect intended to answer
a particular clinical question, including the population in which that effect is defined. Transportability asks under what
assumptions evidence obtained in the trial can inform a separate target population. If Al-driven selection changes empirical
representation while the trial continues to invoke the original estimand and external target, a mismatch can emerge between
the population named by the research question and the population that generated the observed contrast. In other circumstances,
intentional enrichment may appropriately narrow the population and yield a more precise answer to a deliberately narrower
question. The distinction is not broad eligibility versus narrow eligibility; it is preserved alignment versus unacknowledged
divergence.
This article develops that distinction as an original methodological framework. Its purpose is not to prescribe a universal set
of eligibility criteria, require demographic representativeness as an end in itself, or assume that Al introduces selection
problems absent from conventional recruitment. Instead, Al provides a particularly important case because algorithmic systems
can apply rules at scale, combine numerous eligibility variables, prioritize candidates according to explicit or implicit
optimization targets, and feed operational information back into trial-design decisions. The analysis therefore links Al-
mediated participation to the scientific structure of the treatment question. The next section examines how eligibility
optimization can alter the evidence-generating population. Section 3 then connects these changes to treatment-effect
heterogeneity, estimand integrity, and transportability.

How AI-Driven Trial Participation Can Alter the Clinical Question

Eligibility criteria define more than the administrative border of a trial. They construct the population in which the randomized
comparison will be observed. This is evident when criteria are systematically modified. In a large real-world analysis of
oncology trials, computational relaxation of selected eligibility criteria substantially expanded the pool of potentially eligible
patients while permitting investigation of how the estimated treatment effect behaved under alternative eligibility
configurations [7]. The important methodological lesson is not that criteria should always be broadened. It is that the eligibility
specification is capable of changing the population from which the trial's evidence is produced and must therefore be treated
as part of the scientific design.

Empirical work on eligibility broadening reinforces this point from several directions. Broader eligibility criteria can change
the demographic and clinical composition of the patients who would qualify, recommendations concerning previously
excluded populations have changed trial inclusion practices over time, and restrictive eligibility remains a material issue across
clinical research settings [8-10]. These observations establish a first distinction that is essential for Al-supported recruitment:
an algorithm can be perfectly faithful to a restrictive protocol and still reproduce a narrow evidence-generating population,
while an algorithm designed to identify more candidates can expand the eligible pool without necessarily preserving the same
inferential structure. Matching accuracy and population appropriateness are related but different properties.

The scientific significance of a criterion also depends on what it represents. Performance-status requirements can exclude
individuals on the basis of functional state even when the relevance of a particular threshold to safety or treatment response is
uncertain [11]. Washout periods and restrictions on concomitant medications can encode assumptions about pharmacological
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interference, toxicity, or interpretability that vary across therapies and settings [12]. Requirements concerning prior therapy
likewise embody assumptions about treatment history, resistance, sequencing, and expected benefit—risk [13]. Al-based
optimization cannot therefore treat every eligibility rule as an interchangeable obstacle to recruitment. Some rules protect
patient safety, some reduce confounding or interpretive ambiguity, some identify the population for whom the intervention is
intended, and some may persist despite weak contemporary justification.
This heterogeneity creates several mechanisms by which Al-mediated participation can alter the clinical question. First, an Al
system may apply existing criteria differently, for example by resolving ambiguous clinical language, integrating scattered
information, or assigning borderline cases more consistently. Second, it may change the practical reach of existing criteria by
locating patients who would otherwise be missed. Third, it may prioritize among eligible patients, producing an enrolled
population that differs from the nominally eligible population even when the formal criteria are unchanged. Fourth, Al-
supported protocol analysis may influence which criteria are retained, relaxed, combined, or newly introduced. Only the first
of these mechanisms can plausibly be described as purely administrative, and even then only when altered interpretation does
not systematically change who crosses the enrollment boundary.
The key methodological distinction is between the intended trial population, the protocol-eligible population, and the actually
enrolled population. These populations may overlap extensively, but they are not identical by definition. The intended
population is specified by the clinical question. The protocol-eligible population is generated by applying inclusion and
exclusion criteria. The enrolled population is further shaped by identification, referral, geography, site selection, patient
preference, investigator judgment, competing trials, data availability, algorithmic ranking, and other participation mechanisms.
Al can operate between each of these stages. Consequently, optimizing the transition from potential participant to enrolled
participant can change the distribution of characteristics represented in the trial without formally changing a single line of the
protocol.
This is where clinical-question drift can occur. In this article, clinical-question drift means a substantive change in the
relationship between the intended treatment question and the population that empirically generates its answer, occurring
without a corresponding explicit revision of the target question. The term does not apply whenever the enrolled sample differs
from the source population; exact representativeness is neither necessary nor generally attainable. Drift becomes
methodologically relevant when selection changes characteristics that matter to the treatment contrast, the estimand, or the
population to which the result is intended to apply. A deliberate enrichment strategy that openly targets a biomarker-defined
subgroup can therefore be methodologically coherent, whereas an opaque optimization procedure that produces the same
narrowing while the trial continues to claim a broader target may not be.
This distinction also prevents a false opposition between inclusion and rigor. Broadening criteria can improve access and make
the trial population more similar to clinical practice, yet broadening is not inherently equivalent to greater transportability.
Conversely, restricting enrollment can increase homogeneity or protect safety without necessarily invalidating the external
interpretation of the trial. What matters is the reason for the restriction, the characteristics affected, whether those
characteristics modify treatment response or intervention feasibility, and whether the inferential target has been defined
consistently with the resulting population.
The principal mechanisms are summarized in Table 1. The table treats the unit of analysis as a selection transformation rather
than as a generic barrier or facilitator, because the same technological intervention can have different inferential consequences
depending on where it acts and which characteristics it changes.

Table 1. Selection transformations through which Al-mediated participation can preserve, narrow, or alter the trial question

Population Potential effect
Selection What Al changes P Potential effect on L. Preservation
. N consequence to on the clinical .
transformation operationally . treatment contrast N condition
examine question
Which borderline The formal Interpretation rules
Converts narrative or ambiguously Usually indirect; question may remain clinically
Criterion criteria and patient documented material if affected remain faithful and do not
interpretation data into eligibility patients cross the features modify unchanged while  systematically exclude
judgments eligibility treatment response its empirical or favor relevant
boundary population shifts response strata
Identifies eligible . . Can strengthen .
. & Representation May improve . N Discovery expands
. patients who L alignment .
Candidate . within the support across . access without
discover, conventional rotocol-eligible clinically relevant between intended substituting a different
- A% ubstitu
y workflows would p . & Y and enrolled & .
. population strata . target population
miss populations
May change the Can legitimately .
Supports removal . Any population
PP ’ Changes the mixture of redefine the Y PoP

Eligibility-rule

relaxation,

change is prespecified

. rotocol-eligible rognostic factors or opulation . .
revision combination, or p . g prog p- p and reconciled with
. . population itself treatment-effect attribute of the .
redesign of criteria . . the estimand
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optimization . . biological or in estimand and target-
to be informative or .. treatment effect treatment .
. clinical strata . population language
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resemblance alone

The final row is an original synthesis proposed in this article. It anticipates a central implication of the framework: Al-mediated
enrollment should not be judged only by whether it improves screening yield or criterion concordance. It should also be
assessed for whether the population transformation it produces is scientifically compatible with the question the trial is intended
to answer.

Eligibility, Heterogeneity, Estimands and Transportability

The inferential consequences of Al-mediated participation become clearer when eligibility is connected explicitly to estimands.
The estimand framework requires investigators to define the treatment effect corresponding to the trial objective, including
the population, treatment conditions, endpoint and handling of intercurrent events [14-16]. This matters because the
“population” component is not background metadata. It is part of what makes one treatment effect different from another. A
trial designed to estimate an effect in all patients with a disease is not asking exactly the same question as one designed for
patients with a defined biomarker, treatment history, risk profile, or functional status.

Estimand integrity therefore depends on more than writing an estimand statement in the protocol. Principles for estimand
construction emphasize alignment among trial objective, design, conduct, analysis and interpretation [17]. Formal approaches
similarly show that an estimand represents a precisely defined target quantity rather than a retrospective label attached to
whatever estimate a trial happens to produce [18]. Complex clinical processes, including competing events and alternative
definitions of cumulative incidence, further demonstrate that apparently similar treatment questions can correspond to different
estimands and different interpretations [19]. The implication for Al-supported eligibility is that a change in enrollment cannot
be evaluated solely by asking whether the randomized comparison remains unbiased within the selected participants. One must
also ask whether those participants still provide the empirical support required for the prespecified target quantity.
Treatment-effect heterogeneity provides the most direct mechanism through which population composition can change the
observed average treatment effect. Contemporary reviews show that machine-learning approaches to heterogeneous treatment
effects use substantially different modeling strategies and rely on different assumptions about effect modification [20].
Structured workflows for drug development likewise emphasize that heterogeneity analyses require planning, appropriate data,
multiplicity awareness, and careful interpretation rather than uncritical discovery of responsive subgroups [21]. These cautions
matter because Al-driven recruitment creates a separate selection problem: the enrollment model may change the distribution
of the very covariates later used to investigate heterogeneity.

The principle is straightforward. If an eligibility change increases enrollment of patients with a higher baseline event risk but
treatment effect is constant on the relevant effect scale, the overall event rate may change while the causal treatment contrast
remains stable. If the same change increases enrollment of patients whose biological state modifies treatment response, the
average treatment effect in the enrolled population may change. Neither consequence can be inferred from demographic or
prognostic differences alone. What is required is knowledge—or at least a plausible, prespecified account—of which variables
may modify treatment effect and whether the enrollment process changes their distribution.

This issue did not begin with large language models. Earlier deep-learning systems already demonstrated the feasibility of
automated cohort selection from clinical records [22], while algorithmic approaches to recruitment have optimized site or
investigator selection using historical enrollment information [23]. Such systems illustrate a broader methodological point: the
optimization target used by a recruitment algorithm need not be the same as the inferential target of the trial. An algorithm
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may be rewarded for finding eligible patients, maximizing predicted enrollment, minimizing screening burden, or increasing
recruitment speed. None of these objectives necessarily penalizes the model for altering the distribution of a treatment-effect
modifier unless that property is explicitly incorporated into design and evaluation.
The Predictive Approaches to Treatment effect Heterogeneity guidance reinforces why such distinctions must be handled
cautiously [24, 25]. Heterogeneity can be assessed through baseline-risk modeling, individual-effect modeling, interactions,
or other predictive approaches, but apparent subgroup differences may reflect modeling instability, limited sample size,
multiplicity, or scale dependence rather than reproducible causal variation. For Al-supported enrollment, this means the
preservation problem should not be operationalized as “make the recruited sample identical on every subgroup variable.” That
would replace one methodological error with another. The relevant task is to identify characteristics with credible clinical or
statistical grounds for modifying the treatment contrast and then determine whether optimization materially changes empirical
support across those characteristics.
Transportability adds a second layer. Methods for extending trial results to an external population are explicitly target-
population dependent [26]. A target population should therefore be chosen to match the population about which a clinical or
policy decision is actually being made, rather than treated as an abstract notion of the “real world” [27]. This distinction is
critical when Al changes recruitment. A trial can be internally valid and highly efficient yet poorly informative for a particular
decision population because important combinations of effect modifiers are absent or rare. Conversely, a trial need not mirror
the target population proportionally if the required conditional treatment-effect relationships can be estimated and
appropriately transported.
Effect scale further complicates this relationship. Transportability assumptions that may be plausible for a relative effect
measure need not be plausible for an absolute effect measure, and effect modification can differ according to the scale on
which it is defined [28]. Consequently, the same Al-induced population shift may have little consequence for one target
quantity but substantial consequences for another. A population change cannot therefore be declared inferentially harmless
simply because one summary treatment ratio appears stable. Preservation is necessarily estimand-specific.
These relationships support a distinction among four eligibility states. Preserved selection occurs when Al changes screening
efficiency or access without materially altering the support needed for the specified estimand and target population.
Transparent enrichment occurs when selection deliberately changes the population and the trial question is correspondingly
narrowed or modified. Recoverable mismatch occurs when the enrolled and target populations differ but adequate measured
effect modifiers, overlap, and target-population data support defensible standardization or transport. Unresolved drift occurs
when enrollment changes the relevant population structure while the original clinical question is retained and the available
data cannot establish that the treatment effect is transportable to that intended target.
Table 2 specifies the conditions separating those states. The analytical unit is the relationship between an eligibility-induced
population change and the information required to interpret or transport the corresponding treatment effect.

Table 2. Eligibility-induced population changes and the conditions governing estimand integrity and transportability

Evidence needed Interpretation
Eligibility- Heterogeneity Estimand Transportability .. P . .
. . before claiming when evidence is
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modifiers linked to differential prespecified without adjustment . . invariance
. information
treatment response? population
estimand
Is the enriched Legitimatel
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. the intended scientific . g . broader population target population  enriched estimate as
Deliberate population attribute . .. . .
R target or only an . requires additional and estimand plus answering the
enrichment . when the question . . ..
operational is explicitl assumptions or rationale for original broader
optimization P Y evidence enrichment question
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Loss of target- Are combinations of The nominal Weighting or Target-population Redefine the
population clinically relevant estimand may standardization may comparison and
. . . supported target or
support modifiers absent or remain stated, but fail because support
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. with the evidence- extent required .
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The final row represents the article's proposed integrative logic. It does not imply that transportability must be established
perfectly before recruitment begins. Rather, it requires that the trial's target population and plausible sources of treatment-
effect heterogeneity inform evaluation of the Al system before operational performance becomes the dominant criterion of
success.

A further implication follows from combining the eligibility, estimand, heterogeneity, and transportability literatures. The
relevant causal chain is not “Al changes enrollment, therefore Al changes the treatment effect.” That claim would be too
strong. The more defensible structure is conditional: Al changes the selection mechanism; the selection mechanism may
change the enrolled distribution of clinically relevant characteristics; some of those characteristics may modify the treatment
effect or affect support for the target population; and those changes may alter the interpretation or transportability of the
specified estimand. Each link can fail, weaken, or become irrelevant in a particular trial. Clinical-question preservation
therefore requires locating the point at which the chain either remains intact or breaks.

This conditional structure also distinguishes formal estimand stability from empirical estimand support. A protocol may retain
exactly the same estimand wording after an Al tool is introduced, yet the selected population may provide thinner support for
parts of that population definition. Conversely, a transparent change to eligibility and estimand language may constitute a
methodologically coherent redesign rather than a failure of preservation. The scientific concern is not terminological
consistency alone. It is whether the evidence generated by the trial remains capable of supporting the treatment-effect claim
represented by the stated question.

The relationship among these elements is summarized in Figure 1. The central analytical issue is the alignment between the
intended population and the population produced by an Al-mediated selection mechanism; heterogeneity determines when
compositional change can affect the observed treatment contrast, while estimand specification and transportability determine
which downstream claims remain justified.
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Figure 1. Where Al-mediated enrollment can preserve, redirect, or disconnect the clinical question.

Proposed Clinical-Question Preservation Framework

Clinical-question preservation requires more than checking whether algorithmically selected participants satisfy protocol
criteria. Trial participation itself can introduce differences between participants and the population in which treatment
decisions will ultimately be made, and those differences may matter even after conventional transportability variables are
considered [29]. The appropriate object of evaluation is therefore the complete relationship among the intended population,
the Al-supported selection mechanism, the population actually enrolled, the treatment effect estimated within that population,
and the external population to which the result will be applied.

The first preservation check is selection—heterogeneity compatibility. Eligibility optimization should be examined for whether
it redistributes characteristics plausibly associated with treatment-effect heterogeneity. Empirical work comparing treatment
effects across trial-eligible and broader target populations demonstrates why this question cannot be reduced to overall
representativeness [30]. Methods that explicitly extend subgroup inference toward defined target populations further show that
subgroup interpretation depends on the relationship between the observed trial population and the target in which the subgroup
claim is intended to hold [31]. An Al system can therefore improve recruitment while remaining inferentially neutral when it
changes only characteristics unrelated to the treatment contrast, but the same operational gain becomes scientifically
consequential when it reduces support across clinically important effect-modifying strata.

The second check is estimand—population compatibility. The population described by the estimand must remain connected to
the population generated by recruitment. This does not require identical distributions. It requires sufficient empirical support
for the treatment effect represented by the stated clinical question. If enrichment intentionally narrows that population, the
appropriate response is not to conceal the narrowing through downstream adjustment but to redefine the population attribute
and resulting interpretation transparently.

The third check is transport-support compatibility. Transport methods can estimate target-population quantities when
appropriate trial and target data are available, including settings involving time-to-event outcomes [32]. Methods using
aggregate target-population information can expand the range of feasible analyses, but they still require explicit assumptions
and sufficient information about the characteristics governing trial-to-target differences [33]. Transportability should therefore
be treated as a design consideration rather than a universal post hoc repair mechanism. Selection that removes empirical support
for relevant population strata cannot necessarily be rescued after recruitment has ended.

These checks form a proposed clinical-question preservation framework. Its purpose is to classify Al-supported enrollment
according to the relationship between operational improvement and inferential consequence. Question-preserving optimization
improves identification, screening, or recruitment while maintaining adequate alignment among the intended population,
relevant effect modifiers, estimand, and decision target. Transparent question modification occurs when deliberate enrichment
or revised eligibility changes the population but the estimand and intended interpretation are explicitly updated. Unresolved
question drift occurs when Al-mediated selection changes inferentially relevant population structure while the original broader
question remains unchanged and available evidence cannot establish that the resulting treatment effect applies to that target.
The framework is operationalized through the checks in Table 3. Each check is deliberately framed as a comparison between
two components of trial design rather than as a generic quality criterion.

146



Sharma et al., 2026

Pharmacophore, 17(5) 2026, Pages 140-50

Table 3. Clinical-question preservation checks across Al-supported trial design, recruitment, analysis, and interpretation
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corresponding change in
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Has optimization altered
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comparison answer the
prespecified treatment-
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treatment contrast
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Trial-target
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Enrolled trial
population vs clinical
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Are observed differences
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target data
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strata
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improve throughput?
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Should eligibility,
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among design components

Persistent discordance
requiring transparent
redesign or narrower claims

Figure 2 represents the framework as a reassessment architecture rather than a one-way recruitment process. Recruitment
optimization affects the population from which treatment effects are learned; observed heterogeneity and estimand
interpretation then feed back into whether enrollment logic and external claims remain defensible.
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Figure 2. When recruitment optimization should trigger preservation, revision, or restriction of the trial claim
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Implications for Trial Design and Evaluation

The practical implication is that Al-supported recruitment requires two distinct validation questions. The first concerns whether
the system correctly identifies or prioritizes patients according to its operational specification. The second concerns whether
the resulting enrollment process preserves the population required to answer the clinical question. These questions should not
be collapsed into a single performance measure.

External applicability can be evaluated empirically by comparing trial participants with clinically relevant target populations
and examining how adjustment changes target-population treatment-effect estimates. Trial-to-registry analyses illustrate that
such comparisons can make transportability an observable methodological problem rather than an assumption attached to the
discussion section [34]. The appropriate comparator, however, is not necessarily the largest available registry or a generic real-
world population. It is the population for whom the trial result is intended to inform a decision.

Sampling-based generalization methods similarly demonstrate that the mechanism governing participation belongs within the
inferential analysis [35]. Their usefulness depends on identification assumptions, measurement of relevant effect modifiers,
and adequate overlap between trial and target populations. Al should therefore not be evaluated as though recruitment ended
when a participant was successfully matched. For trials in which algorithmic selection materially shapes enrollment, evaluation
should track whether the emerging population continues to support the intended estimand and whether external inference
remains plausible.

A practical implementation would prospectively specify clinically credible treatment-effect modifiers, monitor their support
as recruitment proceeds, compare the realized enrollment distribution with the intended decision population, and review any
substantial eligibility or ranking changes against the estimand. No universal numerical threshold is warranted. A difference
becomes methodologically important when it undermines the information needed for the intended treatment-effect
interpretation.

This approach also generates a discriminating test of the framework. Two recruitment algorithms may achieve similar matching
accuracy and enrollment yield yet differ substantially in inferential consequence. If one preserves adequate support across
clinically relevant effect modifiers while the other concentrates enrollment within a narrower response profile, their operational
performance may be equivalent while their capacity to answer the original clinical question is not. Conversely, conspicuous
demographic differences need not establish failure when those differences do not alter the relevant treatment effect and the
target inference remains supported.

The broader design principle is therefore to separate optimization performance from question preservation. Al can legitimately
broaden participation, focus enrollment, or accelerate identification. What must remain explicit is whether those changes leave
the original population—estimand relationship intact, deliberately replace it with a new one, or create uncertainty that requires
a narrower claim.

Conclusion

Artificial intelligence can improve trial recruitment without changing the clinical question, but that outcome cannot be inferred
from matching accuracy or enrollment efficiency alone. Eligibility rules determine who can contribute evidence, and Al can
modify how those rules are interpreted, implemented, prioritized, or redesigned. The resulting population change becomes
inferentially important when it alters treatment-effect-modifier support, weakens alignment with the population specified by
the estimand, or reduces the credibility of inference to the intended decision population.

Clinical-question preservation therefore requires prospective alignment among the target population, eligibility logic, realized
enrollment, plausible treatment-effect heterogeneity, estimand specification, and transportability assumptions. Deliberate
enrichment is methodologically coherent when the corresponding question is explicitly narrowed. Operational optimization is
question-preserving when the required inferential support remains intact. When Al-mediated selection changes relevant
population structure without transparent redesign or adequate evidence for transport, the appropriate response is to restrict the
resulting claim rather than assume that recruitment efficiency has preserved its meaning.
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