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Abstract

Randomized experiments are widely regarded as the benchmark
for causal inference. This paper identifies a primitive inferential fail-
ure that arises when nominal assignment does not instantiate a stable
causal object. We call this failure the Dirty Beaker Problem. In social
science and related fields, the problem takes a particularly intractable
form based on how interventions are endogenously transformed within
units, so that assignment need not index repeated instances of a unit in-
variant intervention even under ideal randomization. In such settings,
randomization removes selection bias but need not identify the effect
of a unit invariant intervention. The paper formalizes this failure and
shows that auxiliary information can restrict the set of admissible map-
pings from assignment to realized intervention without resolving the
underlying indeterminacy. Since 2025, the ongoing deletion, alteration,
and disruption of U.S. federal datasets have eroded a primary source
of such constraint, resulting in experimental contrasts that remain nu-
merically well defined while becoming increasingly indeterminate as
causal objects.

Introduction

In 2025, U.S. federal agencies removed, restricted, altered, and delayed ac-
cess to hundreds of datasets spanning public health and health care, demog-
raphy, labor markets and income, food security and nutrition, education,
environmental and climate monitoring, energy production and use, housing,
transportation, and social vulnerability.[1–12] Large portions of the records
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that have long structured empirical research are no longer available in con-
sistent or transparent form, with no clear private or ad hoc substitutes.[1]

Researchers across fields have begun to document how these changes
disrupt observational research and reduce the set of questions that it can
address.[1, 3, 4, 8, 9] This paper considers the wider empirical landscape and
identifies a quietly destabilizing consequence. The disappearance and degra-
dation of government data infrastructures alters the inferential conditions
under which randomized experiments can lay claim to causality.

What Randomization Guarantees and What It Pre-
sumes

Randomized experiments occupy a privileged position in empirical research.
That status rests on the properties of random assignment. Randomization
is widely understood to secure internal validity by breaking the link between
treatment assignment and potential outcomes. To see both what this guar-
antee delivers and what it leaves unresolved, it is useful to be explicit about
the assumptions embedded in standard experimental frameworks.

In the potential outcomes framework, randomization guarantees inde-
pendence between assignment and potential outcomes.[13] Formally, for each
unit i, one posits potential outcomes Yi(1) and Yi(0), and randomization im-
plies

Ti ⊥ {Yi(1), Yi(0)}

under the randomization distribution. This result addresses selection bias.
It does not, however, guarantee that the potential outcomes themselves cor-
respond to a stable or separable intervention.

The existence and interpretability of potential outcomes require addi-
tional assumptions about how interventions operate. In particular, they
require that the intervention indexed by assignment can be specified inde-
pendently of the unit to which it is applied, except through a stable mapping.
These assumptions are typically left implicit in discussions of experimental
credibility. Importantly, when units are not identical, any differences are
assumed to enter as perturbations around a common causal input. That is,
assignment must index an intervention whose meaning is invariant across
units up to noise.[14]

In laboratory sciences, this distinction is uncontroversial. Chemists do
not perform experiments by randomizing over dirty beakers in lieu of clean-
ing them, because residue interacts with new compounds and becomes part
of the reaction itself. Even if residue were perfectly balanced across beakers,
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the resulting experiment would remain uninformative about the compound
itself.

Outside the laboratory, clean beakers are often not an option. In medicine,
beakers are human bodies. They are irreducibly dirty, but biological reg-
ularities constrain how treatments interact with underlying physiology. As
a result, variation across bodies often affects the magnitude or pathway of
a response rather than redefining the treatment itself, and averaging across
patients can recover meaningful effects.

In social science and related applications, the beakers are humans. Here,
the residue consists of identities, beliefs, histories, norms, incentives, expec-
tations, and so on. These elements form internally interacting systems rather
than collections of separable attributes. Assignment enters these systems,
so the realized intervention is jointly produced by assignment and internal
structure.

The central point here is not that interventions in these settings have
heterogeneous effects. It is that nominal assignment may fail to correspond
to a repeated causal input in the first place. When the realized intervention
is co-produced by the unit into which it is introduced, randomization can
eliminate selection bias while leaving the causal object indexed by assign-
ment underdetermined.

The Dirty Beaker Problem: Formalization

We refer to this failure as the Dirty Beaker Problem. The Dirty Beaker
Problem arises in experimental settings in which the substrate into which
an intervention is introduced transforms that intervention in ways that ran-
domization cannot neutralize.

The problem considered here does not arise from interference across
units. Units are assumed not to affect one another’s outcomes. The diffi-
culty arises because nominal assignment may fail to define a common causal
input at the unit level, even in the absence of spillovers.

Let each individual i be characterized by a latent internal state Ui, not
observed by the researcher, which includes latent attributes and the internal
interaction structure governing how those attributes jointly shape responses
to interventions. Let Ti ∈ {0, 1} denote nominal assignment.

Assignment does not act directly on outcomes. Instead, it is transformed
into a realized intervention through interaction with the latent state of the
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individual:
Di = ϕ(Ti, Ui),

Yi = g(Di, Ui).

The mapping ϕ captures the endogenous formation of realized interven-
tions through interaction with latent internal states. This is not a claim
about heterogeneous effects of a common treatment, but about the absence
of unit invariant treatment.

Randomization ensures independence between Ti and latent states. It
does not, on its own, ensure that Ti defines stable causal input. The ex-
perimental contrast therefore compares collections of realized interventions
rather than instances of a unit invariant causal input.

Why Additivity Does Not Rescue Experimental Isolation

At this point it is useful to be explicit about what is being assumed and what
is being rejected. Even if latent residue entered outcomes purely additively,
a dirty beaker experiment would not isolate the effect of the intervention
abstracted from the substrate through which it is realized. It would isolate
only the effect of the intervention as realized through the residue present in
the substrate. This is why experimental scientists do not randomize over
dirty beakers: randomization can, in principle, balance residue, but it cannot
remove it, and thus cannot isolate the causal input of interest.

The stronger point made here is that in social systems, and those with
analogous features, the residue is not merely additive. Within individuals,
assignment encounters accumulated histories of experiences, beliefs, identi-
ties, expectations, incentives, and so forth, which interact with one another
rather than entering independently. These interactions are not naturally
ordered or decomposable, and assignment therefore need not correspond to
a stable transformation of a common causal input. The consequence is not
simply heterogeneous effects, but the absence of a unit invariant intervention
indexed by assignment.

The combinatorial argument below formalizes this distinction and ex-
amines what internal interaction structure implies for the repeatability of
the realized interventions induced by nominally identical assignments, even
under ideal randomization.
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Internal Interaction Structure and Combinatorial Indetermi-
nacy

Suppose the latent state of individual i consists of K components,

Ui = (Ui1, . . . , UiK),

together with an internal interaction structure Ai that governs how these
components influence one another. For concreteness, Ai may be represented
as a directed adjacency matrix encoding pairwise interactions among com-
ponents. Even restricting attention to binary interactions with no self edges,
the number of distinct internal interaction structures is

|A| = 2K(K−1).

Let the realized intervention be given by

Di = ϕ(Ti, Ui, Ai),

where ϕ is unrestricted. For fixed K, dependence of ϕ on Ai implies that
nominal assignment induces a combinatorially large space of realized inter-
ventions.

Because Ai is unobserved and no structure is imposed on how it enters ϕ,
a combinatorially large set of distinct mappings from nominal assignment to
realized intervention remain compatible with the same experimental design
and the same joint distribution of observed outcomes. Nominal assignment
therefore need not index any uniquely defined causal input at the unit level.

Crucially, this indeterminacy does not collapse with larger samples or
more precise estimation of the joint distribution of (T, Y ). The problem
is not that the experimental contrast is noisy, but that assignment induces
a mixture over realized interventions whose composition is not identified
from (T, Y ). Additional data can stabilize experimental contrasts without
stabilizing the causal input they are taken to represent.

Randomization ensures independence between assignment and latent
states, but it does not determine how assignment is transformed into a real-
ized intervention. The inferential problem is therefore not one of estimation
error, but of underdetermination of the causal object indexed by assignment.

Estimand Indeterminacy under Dirty Beakers

Although outcomes are generated by realized interventions Di, experimental
estimands are conventionally indexed by nominal assignment Ti rather than
by Di.
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In standard experimental analyses, the experimental contrast is inter-
preted as an estimator of a population level causal estimand,

τ = E[Yi(1)− Yi(0)].

In dirty beaker systems, this quantity need not correspond to the effect
of a unit invariant intervention indexed by nominal assignment, because
assignment induces a distribution over realized interventions whose support
is large and uncharacterized.

A randomized experiment recovers the sample contrast

τ̂S = Ei∈S [Yi | Ti = 1]− Ei∈S [Yi | Ti = 0],

where S denotes the realized experimental sample. This quantity is well
defined numerically. However, numerical definition alone does not imply a
well defined causal interpretation, because the mapping from assignment to
realized intervention is underdetermined.

One could define the estimand as the effect of assignment to the regime
T = 1. However, this move does not resolve the problem identified here,
because assignment to a regime does not determine which features of the
induced distribution of realized interventions are causally operative. The
source of the problem lies within units, but its inferential consequence is a
failure of across unit comparability.

Auxiliary Information and Causal Restriction

Standard approaches to imperfect correspondence between assignment and
treatment presuppose that nominal assignment indexes a unit invariant
causal input. Violations of SUTVA, multiple versions of treatment, non-
compliance, and estimand redefinition such as LATE all operate by refining
inference once the causal input is taken as given.[13–17]1 In dirty beaker
systems, this presupposition fails. Nominal assignment need not correspond
to a unit invariant intervention. As a result, approaches that redefine treat-
ments, estimands, or target populations do not resolve the problem identified
here.

Our central inferential problem is therefore not estimation conditional
on assignment, but whether nominal assignment instantiates a determinate

1Recent work develops estimand frameworks and aggregation rules for settings with
imperfect correspondence between assignment and treatment [18, 19]. These approaches
refine inference conditional on a well defined intervention and therefore do not address
failures of treatment instantiation.
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causal object.2 In dirty beaker systems, nominal assignment does not act
directly on outcomes. Instead, assignment is transformed into a realized
intervention through a mapping ϕ that depends on latent internal states
and their interaction structure. As a result, nominally identical assignments
induce a distribution of realized interventions rather than repeated instances
of a unit invariant causal input. Randomization guarantees independence
between assignment and latent internal structure, but it does not determine
how assignment is realized within units.

Taken on its own, this indeterminacy is severe. When nominal assign-
ment does not index a repeatable causal input, an assignment-indexed ex-
perimental contrast does not, by itself, admit a determinate causal inter-
pretation. Balance is achieved, but balance over what remains unspecified.
Nothing in the experimental design alone fixes which causal object, if any,
an observed contrast represents.

Latent internal states and their interaction structure (U,A) are not ob-
served at the level required to determine how nominal assignment is trans-
formed into realized interventions. Consequently, the joint distribution of
(T, Y ) is insufficient to fix the causal object indexed by assignment. Infor-
mation external to the experimental design is therefore required to restrict
the set of admissible mappings from assignment to realized intervention.

Absent such auxiliary constraints, the mapping from assignment to real-
ized intervention remains underdetermined even as experimental contrasts
stabilize as numerical objects. Increasing sample size does not resolve this
indeterminacy. Randomization is orthogonal to the latent interaction struc-
ture, so repeated assignment does not collapse the space of realized inter-
ventions compatible with a given experimental contrast. As shown in the
appendix, without auxiliary restrictions on how assignment is transformed
into a realized intervention, the intended treatment effect is not identified
even under ideal randomization.

The force of this indeterminacy depends on the extent to which infor-
mation external to the experimental design restricts the set of admissi-
ble mappings from assignment to realized intervention. Where such aux-
iliary constraints are strong, the range of causal objects compatible with
an assignment-indexed contrast may be limited. Where they are weak or

2Work on causal identification has examined ill defined interventions, identification
under alternative maintained assumptions, and the limits of randomization in a variety of
settings [27–29]. These analyses address how causal effects are defined and identified once
a causal object is specified. The argument here concerns a logically prior failure. In some
settings, nominal assignment may fail to instantiate a unit invariant causal object in the
first place, so that identification questions do not yet arise.
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absent, the indeterminacy identified above remains unconstrained.
In practice, when auxiliary constraints have entered applied work, it has

been through approaches that combine experimental and nonexperimental
evidence or emphasize triangulation across methods to address other infer-
ential concerns.[18–26] These approaches are not designed to address failures
of treatment instantiation and rather proceed under the maintained assump-
tion that the intervention indexed by assignment is well specified. Nonethe-
less, by imposing background regularities or constraints not contained in the
experimental contrast itself, they can restrict which causal accounts remain
admissible.

In this limited sense, auxiliary information can be understood as pro-
viding a form of partial cleaning. It does not eliminate the internal residue
through which interventions are transformed, but it bounds its influence by
ruling out some mappings from assignment to realized intervention. Because
these constraints entered for purposes other than treatment instantiation,
their effects were partial and uneven, reflecting the incidental manner in
which auxiliary restrictions entered practice. When these sources of con-
straint are misaligned with the causal question of interest, weakened, or
disappear, the indeterminacy associated with assignment-indexed contrasts
reasserts itself in full.

Replication, Aggregation, and Their Limits

When these auxiliary constraints are unavailable to discipline assignment-
indexed contrasts, the question arises whether procedures that do not intro-
duce constraints on how assignment is transformed into realized intervention
can do so. Replication and aggregation are natural candidates. The anal-
ysis below shows that these procedures inherit the indeterminacy identified
above.

Both replication and aggregation presuppose that assignment-indexed
contrasts are interpretable as estimates of a common causal quantity, up
to sampling variation or structured moderation. Replication is informa-
tive only if repeated implementations target the same causal quantity, or
quantities that are meaningfully commensurable under a maintained model
of variation, so that variation across estimates can be interpreted as sam-
pling variation around a fixed object. Aggregation similarly presupposes
that study-level contrasts are interpretable as estimates of the same causal
quantity, or as draws from a well defined distribution over such quantities,
permitting pooling to refine inference about that object. These are implicit
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conditions in the inferential logic of replication and aggregation.
In dirty beaker systems, these presuppositions need not be satisfied.

Nominal assignment need not determine how an intervention is instantiated
within units. As shown above, the same assignment-indexed contrast is com-
patible with an underdetermined set of causal quantities, which may include
no unit invariant causal quantity at all. In such settings, assignment-indexed
contrasts need not correspond to realizations of a single causal quantity. The
design and the joint distribution of assignment and outcomes generated by
the experiment do not fix what quantity, if any, is being estimated.

Replication does not resolve this indeterminacy. Reimplementing a de-
sign yields additional realizations of the joint distribution of assignment and
outcomes, but it does not restrict the set of causal quantities compatible
with assignment-indexed contrasts. Replications can therefore converge on
the same numerical contrast while corresponding to different causal quan-
tities, or to contrasts for which no common causal quantity exists. Agree-
ment across replications establishes stability of assignment-indexed differ-
ences, not stability of what those differences are differences of. Disagreement
across replications is equally uninformative, because it does not distinguish
sampling variation from variation in the causal quantity being instantiated.

Aggregation, including meta-analytic pooling and related averaging pro-
cedures, does not resolve this indeterminacy. Each study-level contrast is
compatible with an underdetermined set of causal quantities, which may dif-
fer across studies and need not include any shared causal quantity. Pooling
presupposes that the contrasts being combined admit a common estimand,
or are draws from a well defined distribution over such estimands. In dirty
beaker systems, that presupposition need not hold. Aggregation therefore
applies an averaging operation to contrasts whose associated causal quan-
tities need not be jointly defined. The resulting aggregate cannot be in-
terpreted as an estimator of any determinate causal quantity under the
information supplied by the experimental designs.

Importantly, aggregation does not merely fail to recover a common esti-
mand. By mapping a collection of underdetermined contrasts into a single
numerically stable summary, it produces an object whose relationship to
admissible causal quantities is weaker than that of the individual contrasts
from which it is constructed. In this sense, aggregation can worsen the in-
determinacy of causal interpretation, even as numerical stability increases.

The difficulty is not heterogeneity around a shared effect. It is the ab-
sence of a shared estimand to which replication or aggregation could coher-
ently apply. When assignment does not instantiate a determinate causal
quantity, procedures that presuppose such a quantity cannot supply it.
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Replication stabilizes contrasts. Aggregation stabilizes averages of contrasts.
Neither stabilizes the causal object those contrasts are taken to represent.

A Corollary for Procedural Guarantees

The results above imply a general constraint on what procedural commit-
ments in randomized experimental research can establish. Procedures that
fix assignment mechanisms, estimands, or analysis plans in advance pre-
suppose that nominal assignment instantiates a determinate causal object.
They do not, on their own, determine how assignment is transformed into a
realized intervention within units.

When the mapping from assignment to realized intervention is underde-
termined, committing ex ante to a particular estimand or analysis plan does
not fix the causal object that the resulting contrast represents. Such com-
mitments can ensure internal coherence between design, estimation, and re-
porting, but they cannot guarantee that the contrast produced corresponds
to a unit invariant causal input.

This limitation is not a consequence of imperfect implementation or re-
searcher discretion. It follows from the structure of the problem. Even under
ideal adherence to procedural guarantees, assignment-indexed contrasts may
remain compatible with multiple, many, or no, determinate causal objects.
In dirty beaker systems, procedural commitments restrict how contrasts are
produced and reported without restricting the set of causal objects consis-
tent with those contrasts.

Data Disappearance and Experimental Inference

Randomized experiments face a general inferential failure whenever nom-
inal assignment does not, on its own, define a stable causal object. This
failure is structural, not procedural. In 2025, the empirical conditions that
limited, to some unknown extent, the practical consequences of this failure
changed materially. U.S. federal agencies began to remove, restrict, alter,
and delay access to hundreds of datasets that had long structured empirical
research.[1–12]

These records have no private or ad hoc replacement.[1] They were pro-
duced at scale, maintained continuously, and applied across populations
rather than research samples. Their coverage was mandated rather than
voluntary, their continuity institutional rather than project based, and their
structure stabilized by administrative practice rather than analytic choice.
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For experimental inference, this matters because such records supply auxil-
iary regularities that no individual experiment can generate and no collection
of bespoke studies can reconstruct.

The relevance of this material change does not depend on which auxiliary
constraints matter for any particular experiment. In dirty beaker systems,
the need for external constraints is structural, while the form those con-
straints take is experiment specific and unknowable ex ante. What matters
is not the loss of any particular dataset, but the contraction of the class
of records capable of supplying structure at scale. As these records are
removed, restricted, rendered discontinuous, and otherwise compromised,
fewer external constraints remain available to restrict how nominal assign-
ment is instantiated within units.

The consequence is mechanical. For a fixed experimental design, the set
of admissible mappings from assignment to realized intervention expands.
Assignment-indexed contrasts remain numerically well defined and may re-
main stable under replication and aggregation, but those contrasts are con-
sistent with an expanding set of causal accounts, including accounts under
which no unit invariant causal input exists. The erosion of government
data infrastructures does not produce a new inferential failure. It renders a
primitive inferential failure no longer something we can ignore.

Conclusion

Random assignment removes selection bias. It does not, by itself, ensure
that nominal assignment defines a stable causal object. This paper iden-
tifies a primitive inferential failure that arises whenever an intervention is
transformed by the substrate into which it is introduced. In such settings,
nominal assignment may fail to index a unit invariant causal input even
under ideal experimental conditions. The problem concerns the existence
and interpretability of the estimand itself, and it arises prior to questions of
estimation, precision, or replication.

The chemist’s refusal to randomize over dirty beakers captures the core
logic. Randomization can balance contamination, but it cannot isolate a
causal input whose form depends on interactions within the substrate. In so-
cial science and related fields, interventions are typically realized through la-
tent, internally interacting systems. Nominally identical assignments there-
fore need not correspond to repeated instances of a common causal input.

Nothing internal to experimental design can resolve this failure. Asymp-
totics, replication, and aggregation stabilize assignment-indexed contrasts,
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but they do not determine what causal object, if any, those contrasts rep-
resent. Information external to the experiment can constrain the set of
admissible causal accounts, but it cannot supply what randomization alone
does not define.

The erosion of government data infrastructures does not produce this
failure. It removes sources of constraint that had limited its practical con-
sequences. Under those conditions, the inferential limits of randomized ex-
periments become harder to ignore. Where nominal assignment does not
define a stable causal object, randomized experiments do not, on their own,
allow determinate causal claims.

Appendix: Non-identification of the Intended Treat-
ment Effect in Dirty Beaker Systems

This appendix formalizes a claim made in the main text: in dirty beaker sys-
tems, random assignment does not identify the causal effect of an intended
intervention without additional restrictions on how assignment maps into
realized interventions.

A. Identification

LetM denote a class of data-generating processes indexed bym, each induc-
ing a joint distribution Pm(T, Y ) over observable assignment T and outcome
Y . Let τ⋆(m) denote a causal quantity of interest. The class M places no
restrictions on the mapping ϕ beyond measurability.

Definition (Identification). The causal quantity τ⋆ is identified on
M if for any m1,m2 ∈ M,

Pm1(T, Y ) = Pm2(T, Y ) ⇒ τ⋆(m1) = τ⋆(m2).

B. Setup

Let T ∈ {0, 1} denote random assignment, independent of a latent state
U . Assignment induces a realized intervention D = ϕ(T,U), and outcomes
satisfy

Y = g(D,U).

Let d0 denote a baseline intervention and d⋆ an intended treated inter-
vention. Define the intended treatment effect as

τ⋆(m) = Em[g(d⋆, U)− g(d0, U)].
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C. Proposition

Proposition. The intended treatment effect τ⋆ is not identified from the
joint distribution of (T, Y ) on the class M of dirty beaker systems in which
assignment induces realized interventions through an unobserved latent state
(or more generally, a latent state not fully characterized by observables).

D. Proof

Fix any p ∈ (0, 1). Let U ∼ Bernoulli(p) and T ∼ Bernoulli(1/2), indepen-
dent of U . Let Y ∈ {0, 1}.

Construct two models mA = (ϕA, gA) and mB = (ϕB, gB) in M.
Model A.

ϕA(0, U) = d0, ϕA(1, U) = d⋆,

gA(d0, U) = 0, gA(d
⋆, U) = U.

Model B. Let d′ ̸= d⋆ and define

ϕB(0, U) = d0, ϕB(1, 0) = d⋆, ϕB(1, 1) = d′,

gB(d0, U) = 0, gB(d
⋆, U) = 0, gB(d

′, U) = 1{U = 1}.

In both models,

E[Y | T = 0] = 0, E[Y | T = 1] = p,

so PmA(T, Y ) = PmB (T, Y ). However,

τ⋆(mA) = p, τ⋆(mB) = 0.

Since two observationally equivalent models imply different values of τ⋆,
the intended treatment effect is not identified from randomized data in this
class of systems. This formal result reflects the core claim of the paper:
randomization removes selection bias but does not, by itself, define a stable
causal input. □

E. Auxiliary Constraints and Partial Cleaning

The non-identification result above shows that randomized assignment does
not, on its own, identify the intended treatment effect in dirty beaker sys-
tems. This subsection clarifies what auxiliary information can and cannot
accomplish in such settings.
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Let M denote the class of data-generating processes defined above, and
let PY,T denote the joint distribution of (Y, T ) induced by random assign-
ment. Let M(PY,T ) ⊆ M denote the set of models observationally equiva-
lent with respect to (T, Y ).

Let H denote auxiliary information external to the experiment that re-
stricts admissible models through constraints on the latent state U , its dis-
tribution, or the mapping ϕ from assignment to realized intervention. Define
the restricted model class

M(PY,T ,H) = M(PY,T ) ∩M(H).

Then M(PY,T ,H) ⊆ M(PY,T ). For any causal query Q defined on M,
the corresponding identified set satisfies

Q(PY,T ,H) ⊆ Q(PY,T ),

where Q(PY,T ) = {Q(m) : m ∈ M(PY,T )} and Q(PY,T ,H) = {Q(m) : m ∈
M(PY,T ,H)}.

Auxiliary information can therefore restrict the range of causal interpre-
tations compatible with a given experimental contrast without identifying a
unique causal object. This set-restriction result corresponds to the partial
cleaning discussed in the main text.

F. A Concrete Query: Induced Distributions of Realized In-
terventions

To make the set-restriction argument concrete, consider the query

Q ≡ (P (D | T = 1), P (D | T = 0)) ,

the pair of induced distributions of realized interventions under treatment
and control assignment.

In clean-beaker settings, nominal assignment indexes a unit invariant
intervention, and Q collapses to a degenerate or low-dimensional object. In
dirty beaker systems, assignment induces a mixture over realized interven-
tions whose composition depends on the latent state U and the mapping
ϕ.

Absent auxiliary constraints on U or ϕ, the joint distribution of (T, Y )
does not identify Q. Multiple distinct distributions over realized interven-
tions can generate the same experimental contrast. Auxiliary information
can restrict the admissible distributions of D under assignment, thereby
narrowing the identified set for Q without collapsing it to a singleton.
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