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Abstract

AI-implemented checks for robustness, preregistration, claim scope, and other
intended proxies for scientific credibility can extend human reviewers’ capabilities.
However, treating metascientific heuristics as necessary and sufficient signals for
filtering out bad science ignores the contested nature of such heuristics as indicators
of good science. AI review is best approached as a wicked policy design problem:
there is no definitive formulation or notion of solution correctness, and any deployed
solution shapes downstream outcomes by changing authors’ incentives. To promote
accountability and community deliberation, we present a decision theoretic standard
that proposers of AI review tools can use to make their assumptions about the
signal-to-decision pipeline explicit, including specifying the latent epistemic state
a signal is meant to inform, the review decision it supports, the assumed utility
function, and a plausible data-generating model under which the signal improves
that decision. Drawing on recent metascientific modeling of a corpus of OSC
replication studies, we demonstrate using the standard to quantify the value of
several proposed proxies–exact replication status and statistical significance–for
several review decisions, illustrating how the same signal can vary substantially in
how informative it is depending on how the goal of review is conceived. We discuss
how commonly proposed signals of research quality are insufficiently justified
as general indicators of scientific value, and why relying on humans as the final
arbiters of review decisions does not remove the risks of overreliance on proxies.

1 Introduction

Until now, human peer review has played the role of a quality control mechanism for scientific
production, albeit an imperfect one subject to bias, poor incentives, and limited expertise [Mann
et al., 2025, Shah, 2022]. LLMs increase scientific production [Kusumegi et al., 2025], threatening to
stress the peer review system to the point of collapse. A “review death spiral” ensues when human
reviewers, overwhelmed by the number of papers, become noisier, further incentivizing authors to
submit low quality, mass produced work [Bergstrom and Gross, 2026, Liu and Tan, 2026].

Using LLMs to evaluate science at scale provides a promising way forward. While human reviewers
lack sufficient time or incentives to fully interrogate a submission, AI reviewers can conduct extensive
checks for rigor. This could reduce reviewer lottery variance [Liu and Tan, 2026], which is often
substantial [Beygelzimer et al., 2023, Ward et al., 2026]. Science appears to be on the verge of a
credibility revolution. Proponents argue that the verification of scientific quality can be handled at
scale by machines, reserving human judgment for which science is most significant to society.

However, automated science evaluation is a high stakes reward design problem, with the properties of
a wicked policy problem: it offers no definitive formulation, no notion of solution correctness nor easy
way to test solutions, and any chosen solution changes the problem space [Rittel and Webber, 1973].
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Figure 1: AI review research frequently blurs integrity filtering (is the paper what it claims to be?)
and epistemic filtering (is the science good?) by relying on contestable metascientific heuristics.

Machine learning researchers are building the infrastructure that will structure which science receives
attention in the future, but what checks should AI reviewers conduct?

One source of inspiration has been the reform discussions that have been unfolding more broadly in
the sciences for over a decade. Spurred by a so-called replication crisis affecting many empirical fields,
reformers have suggested guiding principles for producing a more robust research record. These
include promoting reproducibility and replication as core tenets [Nosek et al., 2015, Collaboration,
2015], as well as preregistration of analysis plans [Nosek et al., 2018], sensitivity analyses [Steegen
et al., 2016, Simonsohn et al., 2020], and aligning claims with the evidence at hand [Simons et al.,
2017, Yarkoni, 2022]. AI-based evaluation proposes to enact such reform principles by automating
scoring according to rubrics for rigor and surfacing these for human reviewers, or filtering research
based on precommitment to particular methods or experiments.

But taking proposed reform measures at face value as real indicators of quality institutionalizes
heuristics that lack rigorous grounding as robust markers of scientific quality. Ultimately, scientific
progress, and notions of scientific objectivity and theory choice, are imprecise, potentially conflicting,
and dependent on socially situated standards and plural epistemic values [Douglas, 2009, Kuhn, 2012,
Longino, 1990, 2002]. AI review has the potential to address known weaknesses of human peer
review, such as limited attention and inconsistency, but we should expect any AI review system that
uses machine-detectable proxies to allocate scientific attention to add bias and create an optimization
target. Even with human oversight, AI-generated representations of papers come at the expense of
correlated bias when reviewers trust those representations over their information [Liu et al., 2026b].
The question is what trade-offs to expect, and how they align with the community’s values.

We argue that proposers of AI review tools should be accountable for specifying what review
decision a proxy informs and under what assumptions it improves that decision. To benefit from
the useful functions of AI review while avoiding canonizing poorly understood heuristics, the commu-
nity must move toward explicit specification of goals and trade-offs. We propose statistical decision
theory as a framework for formalizing these goals. This path does not resolve the contestability of
any proxy signal, but treats AI review as inherently subject to value-laden judgments.

Below, we first summarize proxies that recent research in AI review proposes to detect. We show how
these proposals tend to blur a distinction between AI review implementing basic integrity checks, and
epistemic filtering, where contestable criteria thought to be associated with rigor are used to reject
or prioritize work as more scientifically valuable. We then present a decision-theoretic standard for
formal specification of signal-to-decision pipelines to eliminate ambiguity about what is at stake. This
standard asks proposers to state the proxy signal, the latent epistemic state it is meant to inform on,
the review decision it is meant to support, including the preferred utility function(s), and a plausible
generating model under which the proxy signal improves decision quality. Using a recent model
fit to empirical study results [van Zwet et al., 2026], we demonstrate how the value of a proxy is
highly conditional on the assumed decision problem, motivating the approach. We then discuss where
the linking assumptions behind three proposed proxies borrowed from the broader scientific reform
movement remain tenuous. Finally, we explain why keeping humans in the loop as final arbiters of
decisions does not reduce the need for transparent justification.
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2 What Are AI Reviewers Screening For?

Challenges faced by research AI reviewers like biases in human ground truth reviews [Checco et al.,
2021, Tyser et al., 2024, Idahl and Ahmadi, 2025] and dependence of subjective ratings of AI reviews
on style and author self-interest [Liang et al., 2023, D’Arcy et al., 2024] lead researchers to seek
“first principles” that capture more fundamental aspects of rigor to base AI review on. A common
assumption in research on AI review is that scientific assessment can be reduced to filtering on
observable signals detected in paper text and supplemental materials. We characterize the kinds of
signals AI reviewers are being asked to detect by surveying 40 recent papers at proposing AI tools
for evaluating scientific work, identified via AI-assisted literature search and citation tracing. We
retained 23 papers from these that explicitly connected detectable signals with dimensions of research
quality. Table 1 displays proposed proxies for scientific quality that AI is argued or shown to be
capable of detecting across these papers.

Authors make frequent reference to the broader scientific reform literature, implying that the epistemic
significance of the proxies they implement via LLM review has already been established. Replication
testing is referred to as “essential to academic and research integrity” [Nguyen et al., 2026]; robustness
to data and model perturbations as “a core criterion for trustworthy conclusions” [Bertran et al.,
2026]; and prespecification of analysis pipelines as necessary for preventing selective disclosure of
prompts that favor specific hypotheses [Kosch and Feger, 2025, Bertran et al., 2026].

Category Proxy for scientific quality Definition

Verifying reported
results

Computational reproducibility [Xu and
Yang, 2026, Bai et al., 2026, Xu et al.,
2026, Starace et al., 2025, Hu et al., 2025,
Shah et al., 2026, Wu et al., 2026]

The ability to verify reported estimates such as
regression coefficients by obtaining data,
reconstructing the computational environment, and
executing analysis protocols using the authors’
code.

Methods-only reproducibility [Kohler
et al., 2026, Starace et al., 2025]

The ability to verify reported estimates by relying
only on the methods description.

Specification completeness [Liu and Tan,
2026]

Whether full details like hyperparameters, random
seeds, and configuration are reported.

Claim traceability [Bai et al., 2026,
Dmonte et al., 2024, Xu et al., 2026, Javaji
et al., 2025, Xi et al., 2025, Wei et al.,
2025]

Whether a paper’s stated conclusions can be traced
back to specific evidence, in the form of figures,
tables, statistical analyses, or to the underlying data
and code that generated them.

Stability and
generalizability Replicability [Nguyen et al., 2026, Bai

et al., 2026]
The ability to produce nearly similar results on new
data from the same process.

Robustness of effects to perturbing
analysis choices [Cummins, 2025, Bertran
et al., 2026, Fishman and Sekeres, 2026,
Cui and Alexander, 2026, Bai et al., 2026]

The ability to produce similar results when the
analysis specification is changed slightly, such as
by varying which variables are controlled for in a
model, what stopping rule is used in model fitting,
or various other routine analytic choices.

Robustness to stochastic
perturbation [Cui and Alexander, 2026]

The ability to produce similar results among
multiple repetitions of the same specification when
using LLMs to analyze data.

Inferential validity
Pre-specification of analysis
plans [Cummins, 2025, Kosch and Feger,
2025, Fishman and Sekeres, 2026]

The declaration of an analysis specification
(including the structure of a multiverse) prior to
obtaining data and conducting the analyses.

Statistical significance [Bai et al., 2026] Whether a paper’s results are statistically
significant.

Novelty and
Coverage

Novelty and contribution
significance [Biswas et al., 2026, Zhang
et al., 2026]

Whether the research is novel and competitive in
light of prior work.

Coverage of related literature [Wei et al.,
2025, Zhang et al., 2026]

Whether important related work is missed.

Table 1: Examples of proxies that recent work proposes to automate or assess with generative AI.
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2.1 From Detection to Decision

We observe a blurring of a distinction between using AI for integrity filtering to using AI for epistemic
filtering in emerging work on AI review. Integrity filtering requires basic, necessary but not sufficient
signals that a work is what it claims to be, like the ability to reproduce the results reported in the paper
from the data and code to rule out obvious errors, and the absence of plagiarism or fake citations.
Epistemic filtering, on the other hand, seeks to assess the broader substantive value of the research
contribution, for example, by checking whether the result can be replicated under perturbations of the
data or modeling process, judging the size and statistical significance of effects, and noting whether
analyses were specified in advance.

Authors go beyond promoting integrity filters to arguing that markers of epistemic value can be
detected and used to allocate attention [Biswas et al., 2026, Liu and Tan, 2026, Liu et al., 2026a, Xi
et al., 2025, Zhang and Abernethy, 2026]. For example, recent work distinguishes computational
reproducibility and claim traceability as “level 1” requirements for submissions. However, additional
layers of assessment (such as methodological rigor, falsifiability quality, and argument coherence)
are also described as "objective" criteria with "epistemic soundness" that can be used to decide which
papers get human review [Liu et al., 2026a]. Others propose making acceptance decisions dependent
on whether authors have committed to particular approaches like preregistration or demonstrations of
robustness [Fishman and Sekeres, 2026, Kosch and Feger, 2025].

The problem is that despite decades of metascience, we have yet to find a necessary and sufficient set
of signals for credible science. Signals associated with good science can be in opposition and shift
over time: Copernicus’ model of the solar system was simpler but initially inferior to the geocentric
tradition in consistency and accuracy [Kuhn, 2012]. Epistemic filtering may sometimes aid scientific
progress, but in other cases shift attention away from potentially more powerful yet less mature ideas.

We should expect whatever proxies we implement to structure attention in automated review to
reshape science. This is the lesson of Goodhart’s Law [Goodhart, 1984]. Principal-agent problems
describe how when a principal cares about something hard to observe—like scientific quality or long-
term epistemic value—but must rely on observable proxy signals to judge agent outputs, they should
expect agents to shift more effort toward improving exclusively on those proxies [Sappington, 1991].
Effort substitution is rational from the agent’s perspective, but reduces effort toward other valuable
but unmeasured tasks [Holmstrom and Milgrom, 1991]. Emphasizing signals like preregistration,
replicability, and robustness to perturbations shifts attention from harder-to-institutionalize but equally
critical components like developing stronger theory, improving external validity, or identifying the
right estimand for measuring a claimed capability. We should treat proxies proposed to structure
review as the contestable policies they are, and develop standards for expressing the assumptions that
are required for them to inform about a target latent state in the context of a review decision problem.
These specifications should precede other forms of evaluation, such as controlled studies comparing
AI-assisted review outcomes to unaided human review [Liu and Tan, 2026, Baumann et al., 2026], as
they establish the estimands and tests of assumptions that empirical study should target.

3 Formalizing the Goals and Trade-offs of AI Review

There is no context-independent, non-conflicting set of detectable markers of good science. In light
of this, we argue that AI review should be approached as a wicked policy problem [Rittel and Webber,
1973], where in the absence of ways to distinguish correct from incorrect solutions, the best we can
do is clearly specify our commitments to particular framings of the problem.We propose decision
theory as a natural formalism for specifying assumptions behind proxies implemented in AI review
tools. The goal of such specification is not to make proxies non-gameable, nor to definitively validate
that a given AI review tools will improve scientific outcomes, because neither are possible. Rather,
the specifications become the inputs to an inherently value-driven deliberation process around what
kinds of research the community wants to prioritize and what downstream incentives they are willing
to tolerate. In this sense, specification is a mechanism for accountability. Those who wish to deploy
new AI review tools are responsible for motivating them relative to a well-defined problem, and
identifying what conditions must hold for the information they provide to be useful. Venues can
enforce this by requiring signal-to-decision specifications before piloting AI-generated signals in
review, and communities can contest the specifications they are given, such as by proposing alternative
formulations of the problem or by building datasets that pair proxy signals with observed outcomes.
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Latent state
𝜃 ∈ Θ

Data model
𝜋 (𝑠, 𝜃 )

Signal
𝑆 ∈ S

Action
𝑎 ∈ A

Utility
𝑢(𝑎, 𝜃 )

Value
𝑉𝑆 − 𝑉0

What property
of the paper?

e.g., correct
sign; high SNR

How is the
signal tied to it?

e.g., prior fit to
past research

What does the
tool detect?

e.g., significance;
exact replication

What decision
does it inform?

e.g., flag or
do not flag

How is a
decision scored?

e.g., highest if
action matches state

How much does
the signal help?

e.g., negligibly over
not having access

Figure 2: A decision-theoretic standard for justifying an AI review signal specifies the latent state the
signal should inform, a data-generating model linking signal and state, the review action, and a utility
function. These determine the value of the signal, VS − V0.

At the implementation level, reviewer training should accompany deployments of AI-assisted review
flags. Reviewers should be prompted, at a minimum, with examples of failure cases where a proxy
casts doubt on rigorous research and where it fails to flag questionable research.

3.1 Decision-theoretic specification of signal-to-decision pipelines

In proposing AI review tools, researchers implicitly claim that surfacing certain signals will help
reviewers make better decisions about paper quality. We turn to decision theory to make such claims
explicit (Figure 2) by identifying what the signal is, what latent property of the paper it is meant to
inform, what decision the reviewer faces, how decisions are scored, and how the signal and latent
property are assumed to be related. This approach enables computing the value of a proposed signal,
which we measure as the improvement in the best case decision that can be made with access to that
signal over not having it. This quantity, with the decision problem specification, can be assessed by
the community and used to motivate downstream empirical evaluations against human review.

Specifying the decision problem Let S ∈ S denote the signal surfaced by an AI review system.
We use S to denote the random variable and s to denote a particular realization of the signal, where S
could be a vector of multiple proxy outputs.

Let a ∈ A denote the review action or decision we intend S to inform. For example, an initial review
pass might return an action in A = {do not flag, flag}
The quality of the review decision depends on the true state of the paper, which is uncertain at the
time of review. Let θ ∈ Θ denote the latent epistemic state, capturing the credibility of the scientific
contribution along some dimension. The intention is that the proxies inform on this state. But how
should proposers of AI review tools conceive of the latent state, given that the scientific quality of
papers is unobservable, domain-specific, and often contested by experts? Rather than attempting to
define a universal latent variable for quality, we advise using concrete, local definitions that can be
mapped to empirical data. Some examples include downstream citations, whether a reported estimate
exceeds a signal-to-noise threshold, whether a reported ranking would hold under repeated evaluation,
whether the reported sign is correct, or whether evidence supports flagging a claim as fragile.

Given a signal space and state space, we define a data-generating model, which is the joint distribution
over the latent states and signals on which we will evaluate decisions, π ∈ ∆(S×Θ). This distribution
assigns to each realization (s, θ) ∈ S ×Θ a probability, denoted π(s, θ). π gives rise to a probability
distribution over the latent state, which we denote as the prior distribution p ∈ ∆(Θ):

p(θ) =
∑
s∈S

π(s, θ).

Review quality is dictated by a utility function U : A×Θ → R, which assigns a real valued score
u(a, θ) to each combination of action and realized state.1

1If the action is instead a probabilistic assessment of paper quality, then U may be chosen as a strictly proper scoring rule
over reports in ∆(Θ).
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Optimizing the decision. Once we have defined the decision problem and data generating model,
we can characterize best-case use of the information, enabling us to quantify the ex-ante value of the
signal to the decision problem.

The best possible decision-maker is represented by the Bayesian rational agent, informed by prior
knowledge p(θ). Upon viewing a paper, this agent updates their beliefs to posterior beliefs qs(θ):

qs(θ) = π(θ | s) = π(s, θ)∑
θ′∈Θ π(s, θ′)

.

When S is a vector, the decision-maker conditions on all of its components to compute the posterior,
with no separate weighting scheme required. They then choose the score maximizing action a∗(s):

a∗(s) = argmax
a∈A

Eθ∼qs [u(a, θ)]

Estimating the value of the signal. Following Wu et al. [2023], define the rational benchmark
as the ex-ante expected score of the Bayesian agent who observes the signal and then chooses the
score-maximizing action for each signal realization:

VS = ES

[
max
a∈A

Eθ∼qS [u(a, θ)]

]
. (1)

Similarly, the baseline is the expected score of decisions made using only the prior:

V0 = max
a∈A

Eθ∼p[u(a, θ)]. (2)

The value of signal S to the decision problem is the difference between the benchmark and baseline,
VS − V0.

By normalizing U to [0, 1], authors can report VS − V0 directly as the expected improvement in
decision performance (utility) from access to the signal.

These quantities can be estimated from data where both the signal and a measurement of the latent
state are observed. When the signal is low dimensional, such as a binary replication outcome
or significance indicator, π can be estimated directly from empirical frequencies, and VS and V0

computed by plugging in the empirical posterior for each signal realization. When the signal is
continuous or high-dimensional, such as an AI-generated text review, a predictive model can instead
be used to predict the state from the signal to provide the posterior distribution, subject to hold-out
testing and calibration checks, since calibration error bounds how far the estimated value can fall
from that of the optimal decision rule [Guo et al., 2025].

Contrast the value of the signal above with the treatment effect of an AI review tool as estimated by
running a randomized controlled experiment comparing the tool to unaided human reviewers. While
deployment claims should ultimately be grounded by empirical evaluation against relevant controls,
the specification standard above enables reasoning about the value of signals, both individually and
jointly, prior to running costly human experiments. If a proxy cannot be shown to provide value in
theory, then it is difficult to motivate more elaborate empirical studies with humans.

3.2 Applying the framework: Example using empirical model from van Zwet et al. [2026]

The above formalization makes clear that signals do not carry value in an unconditional sense; we
can only reason about the value of their information with respect to a specified decision problem,
including a particular formulation of the latent state, and a data-generating model that links the
proxies and latent state. Thus, in proposing particular proxies for AI review, authors should think
carefully about what a plausible generating process (or class thereof) looks like, and show that the
signal has non-negligible value under that process.

Showing that a signal is valuable under an assumed data-generating model cannot resolve the
contestability of that signal as a filter. However, proposed signal-to-decision pipelines can be
made more credible by drawing on empirical metascientific analyses to motivate their plausibility.
Human-subject studies of review with AI assistance can also inform on possible misinterpretations of
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proxies and how they may complement or override human expertise (using, e.g., tools for measuring
complementarities [Guo et al., 2025].

We demonstrate using a data-generating model informed by empirical research to quantify the value
of two proxies–an exact replication result and whether the result was statistically significant at a
specified level–for informing on several latent epistemic states. One is whether the latent signal-to-
noise ratio is sufficiently high, and the other is whether the reported sign of the effect is correct. We
use van Zwet et al. [2026]’s model of how signal-to-noise ratios are related to statistical significance
and replication success. The authors use maximum likelihood to estimate a latent distribution of
signal-to-noise ratios from samples of absolute z-values across multiple disciplines. We use their
results for the OSC corpus of 100 psychology replication studies as an illustrative prior, and simulate
signed original and replication z-values under their assumed model. In this model, significance and
whether an exact replication was successful are noisy functions of the underlying signal-to-noise
ratio. We consider the value of these signals for review decision-making, considering two possible
definitions of the latent epistemic state on which decision quality depends.2

Action, general latent state, utility function. The reviewer faces a binary action, A =
{do not flag,flag}. The intended use of the signal is to decide whether to flag a claim for evi-
dential fragility. Let θ ∈ {0, 1} denote the latent epistemic state, where θ = 1 means the claim
satisfies the epistemic property of interest and θ = 0 means it does not. Below we define two different
candidate epistemic states of whether the study has sufficiently high signal-to-noise and whether the
observed effect has the correct sign.

We use a simple symmetric utility function which awards 1 if the action matches the true state (i.e.,
a = do not flag and θ = 1 or a = flag and θ = 0) and 0 otherwise.

Specific latent state, signals, and data-generating model. Let Λ denote the (unobservable) signal-
to-noise ratio of a reported estimate. Following the signal-to-noise model assumed by [van Zwet
et al., 2026], Λ ∼ H , where H is a corpus-level distribution of signal-to-noise ratios. We use the
OSC-fitted distribution H as a prior over signal-to-noise ratios, where conditional on a draw Λ ∼ H ,
we simulate a reported study statistic Z and an exact replication statistic Zrep, assuming z-values are
equivalent to signal-to-noise ratios plus independent standard normal errors, with an exact replication
produced the same way:

Z = Λ+ ϵ, Zrep = Λ+ ϵ′, ϵ, ϵ′ ∼ N (0, 1), Z ⊥⊥ Zrep | Λ.

We consider two latent epistemic states under these assumptions. The first is whether the study has a
sufficiently high signal-to-noise ratio for the intended decision. The second is whether the observed
effect has the correct sign:

θsnr = I(|Λ| ≥ λ0), θsign = I(ΛZ > 0),

where λ0 > 0 denotes a threshold chosen for the decision context. We use λ0 = 2.8, which is
the signal-to-noise ratio corresponding to 80% power at the 5% two-sided level under the assumed
data-generating model.

We also consider two observable signals. The first is a statistical significance indicator calculated
from the original study z-value, and the second is exact replication success, which indicates a
statistically-significant exact replication in the same direction as the original result:

Ssig = I(|Z| ≥ 1.96), Srep = I(ZZrep > 0, |Zrep| ≥ 1.96).

Figure 3 depicts the value of all signals for the two latent states. Neither signal improves on the
prior for θsign: the Bayes-optimal reviewer makes the correct decision with probability 0.783 with or
without them. For θsnr, statistical significance raises the probability of a correct decision from 0.794
to 0.843, exact replication success raises it to 0.862, and observing both raises it to 0.925.

This example shows that the same signal can have very different value depending on the focal latent
state, with neither proxy offering value over the prior for identifying results that get the direction
correct, while both provide useful information for decisions based on the true signal-to-noise ratio.

2Code is available at https://github.com/jhullman/AI_metascience_spec.
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Both

Replication

Significance
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+0.000

+0.000
prior only: 0.783
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+0.131

+0.068

+0.049
prior only: 0.794

Probability of a correct review decision

sign: correct sign snr: SNR 2.8 (80% power)

Figure 3: Expected utility of the Bayes-optimal decision rule under each signal (quantifying the
ex-ante best case value of the signal), for two latent epistemic states, θsign (left) and θsnr (right). Each
dot shows the expected utility given the signal listed on the left. The dashed line is the baseline V0,
representing the utility of the best constant action without any signal. Under the symmetric 0/1 utility
function, utility is the probability of making the correct review decision.

3.3 Modeling adaptation

Specifying a decision problem and plausible data-generating model is a first step toward building
understanding of the epistemic commitments encoded in AI review tools. In addition to empirical
study of how AI review tools change review outcomes, further theoretical and empirical exploration of
how deploying a signal changes the data-generating model under which it was validated is warranted.
The above approach to evaluating the value-of-information treats the joint distribution of proxies
and latent states as fixed, but once a proxy is used to allocate attention, the authors’ best responses
alter that distribution. This is the formal counterpart of Goodhart’s Law, which the ML community
has explored through strategic classification and performative prediction, including characterizing
when a decision rule induces agents to invest in improving the underlying quality rather than the
observable signal [Kleinberg and Raghavan, 2020], or when a decision rule remains optimal under
the distribution shift it induces [Perdomo et al., 2020]. Closer to the question of scientific review,
recent modeling of editorial screening illustrates such an approach [Fishman and Sekeres, 2026].

4 Proxy problems

We use three conceptually distinct proxies of scientific rigor that AI review research has targeted to
show why components of the specification in Section 3 matter.

4.1 Promise: Screening for multiverse robustness selects credible results

Studies of multiple analysts facing the same high level question and dataset routinely show high
variability in conclusions [Silberzahn and Uhlmann, 2015, Silberzahn et al., 2018, Breznau et al.,
2022]. The “garden of forking paths” has become a common trope for explaining how underspecified
research questions create analytical flexibility that, when combined with data-dependent decision
making, can undermine inferential guarantees [Gelman and Loken, 2013].

Recent work frames AI as amplifying these concerns. AI versions of many-analyst studies can
produce substantial variation [Cui and Alexander, 2026], even if their results are less dispersed than
those of human analysts [Huang et al., 2026, Grundl, 2026]. Small changes in prompting can steer
the model toward different results [Bertran et al., 2026]. This variability presents a loophole for
selective reporting, making it easier to search a large space of specifications and report only those
that align with one’s preferred interpretation [Kosch and Feger, 2025, Fishman and Sekeres, 2026,
Bertran et al., 2026, Cummins, 2025].

Consequently, authors propose that “multiverse analysis” must become the new abstraction for
scientific communication [Bertran et al., 2026, Liu et al., 2026a, Fishman and Sekeres, 2026].
Instead of presenting the result from a single analysis specification, a multiverse multiplexes over
all reasonable decisions that could have been made in analyzing the data and presents the resulting
combinatorial set [Steegen et al., 2016]. Readers can examine which analytical choices most impact
estimates. Going a step further, consistency in the results is framed as enabling readers to assess
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the credibility of the claim, with the idea that “the greater the variation in results, the greater the
uncertainty in answering the research question and, accordingly, the lower the credibility of any
individual research finding” [Auspurg and Brüderl, 2021].

Problematic assumptions: Multiverse composition and unwarranted frequency interpretation
Using result consistency as a signal of credibility treats the multiverse as an inferential tool. Yet as
methodologists have stressed, a multiverse is most defensible as a tool for reflection and critique,
exposing how analytic choices can matter [Rohrer et al., 2026]. It is harder to justify as an inferential
summary of “how credible” a result is [Rohrer et al., 2026, Auspurg and Brüderl, 2021]. Variation
across specifications is only interpretable relative to justified inclusion choices and a coherent
estimand [Del Giudice and Gangestad, 2021]. Which specifications belong is a matter of domain
expertise and statistical judgment, and experts within the same area regularly disagree.

Additionally, its tempting to assume that a claim that holds for a minority of specifications is not
credible, and one that holds for a majority is. However, the paths in a multiverse are not random
samples from a well-defined population. Consequently the frequency with which a result appears
cannot be interpreted as the probability that it is correct. These issues suggest problems with the
blanket linking assumption that good science will always show multiverse robustness.

4.2 Promise: Screening for replicability selects credible results

If a paper’s results cannot be reproduced using the author-provided data and code, the paper fails
a basic legibility standard that published results can be verified and built upon. But replicability
is harder to judge. Imagine one paper has a low success rate across repeated replications on new
datasets sampled from the same process, while another has a high success rate. Can we conclude
that the paper with the high rate is more likely to represent a “true” result? Contrary to popular
reform narratives in which replicability is framed as a requisite property of valid science, drawing
conclusions about scientific credibility from observed replication rates faces several challenges.

Problematic assumptions: Arbitrary definition, identifiability, insufficiency for true results By
definition, we do not expect perfect reproduction of all original point estimates when replicating.
We must therefore decide on a criterion for judging replication success. Common proposals like
“significance in the same direction as the original result” are difficult to rigorously motivate; we
must grapple with questions of statistical power and hypothesized effect size [Gelman et al., 2026].
More fundamentally, the dichotomy between “true” and “false” effects that replication conversations
assume is itself a crude simplifying assumption.

Further challenges arise given that the true replication rate of a study–the relative frequency of
reproduced results upon repetitions of the associated probability experiment [Buzbas et al., 2023]–is
not directly observable. It is a parameter of the idealized version of the experiment and true data
generating model. Even in the best case, we’d need many replications are needed to infer it with
confidence. Even modest heterogeneity among experiment-specific replicability rates induces an
irreducible variance floor on the estimated mean replicability rate, so additional replications do not
eliminate uncertainty [Devezer and Buzbas, 2026].

Finally, even if we could estimate an experiment’s long-run replication rate precisely, it would
still not be a straightforward signal of whether the reported claim is true. A real effect or genuine
methodological improvement can have a low replicability rate conditional on a particular evaluation
design, because the design is confounded, underpowered, or misaligned with the claim. In ML a
method may genuinely improve performance in some way, but the benchmark may be too small,
saturated, or sensitive to implementation details to reproduce the improvement reliably.

Conversely, false effects can replicate at high rates. Devezer et al. [2021] demonstrates through
simulation how when measurement error variability is much larger than sampling error variability,
a “false” effect replicates with high frequency. Thus, as a signal replicability suffers from arbitrary
definition and an underidentified estimand, with its value depending on which latent state is targeted,
as Section 3.2 illustrates. Institutionalizing replicability risks scaling a “replication paradox” [Meng,
2020] where a focus on replication leads the community to overlook larger challenges to inference,
such as unwarranted causal inferences, underspecified estimands, and weak links between theories of
capability and evidence.
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4.3 Promise: Requiring preregistration selects for credible results

Because AI reduces the cost of many tests, some authors argue that preregistration–where authors
submit a timestamped analysis prior to collecting data [Nosek et al., 2018]–should be required [Cum-
mins, 2025, Kosch and Feger, 2025, Fishman and Sekeres, 2026]. At first glance, this appears
uncontroversial. Preregistration helps readers to distinguish analyses that follow from prediction
from those that follow from postdiction, making it easier to interpret reported error rates and claims.

Problematic assumptions: Oversimplifying the problem, penalizing exploration However,
the epistemic significance of preregistration is shaky. Some reform rhetoric treats “double dipping”
or “data peeking” as if using data to decide analyses and report results necessarily invalidates
inference [Devezer et al., 2021]. But inference is not invalidated simply because the data are used
more than once. What matters is whether the reference distribution used to interpret the result
properly accounts for the procedure that produced it, including data-dependent choices [Devezer
et al., 2021, Lindley, 2000]. Taken too literally as policy, preregistration encourages the view that
post-hoc adaptation is presumptively suspect. Many valid procedures routinely reuse data [Devezer
et al., 2021], and alternative approaches to correcting for conditioning exist, such as multiplicity
adjustment, reusable holdouts [Dwork et al., 2015], hierarchical modeling [Gelman and Hill, 2007],
multiverse reporting [Steegen et al., 2016], or simply treating the result as exploratory or descriptive.

Embracing preregistration as policy threatens exploratory and descriptive aspects of science by
equating making a scientific contribution with error-controlled confirmatory claims. This is a poor fit
for much ML research, where progress often comes through iterative benchmark construction and error
analysis. Decades of progress suggest that exploration can also be disciplined, albeit also imperfectly,
by using shared datasets, code release, leaderboards, ablations, and reproducibility checklists [Donoho,
2024, Pineau et al., 2021]. Thus, the utility function implied by heavily rewarding favors questions
that are easy to formalize ex-ante over theory-building and measurement and diagnostic refinement.

5 Alternative views

A commonly proposed safeguard against unanticipated consequences of AI review is to have human
reviewers decide how to weigh AI-generated flags [Liang et al., 2023, Goldberg et al., 2024, Xi
et al., 2025, Wei et al., 2025, Liu et al., 2026a, Tan and Liu, 2026, Xu et al., 2026, Zhang and
Abernethy, 2026]. We argue that human oversight does not relieve authors of the responsibility to
rigorously motivate the evidential meaning of any proxies that shape downstream decisions, because
the flags still encode controversial assumptions about what variation means. If the authors cannot
define appropriate use of the proxies in review, why should we expect the average human reviewer
to know how to use them? Empirical studies of AI-assisted decisions offer considerable evidence
of overreliance on surfaced information (e.g., [Chen et al., 2023, Rathi et al., 2025, Romeo and
Conti, 2026]. Even when reviewers do not blindly accept AI recommendations, systems that surface,
rank, or summarize issues reframe papers by these salience cues, reshaping scientific production by
rewarding work that is legible to the system.

Baumann et al. [2026] argue for a moratorium on AI-generated peer reviews until the practice meets
basic requirements established through rigorous empirical evaluation. They present experimental
evidence on ICLR 2026 reviews showing that AI-generated reviews collapse review diversity relative
to humans and can be gamed by rewriting the paper using AI. They propose non-gameability and
review diversity as necessary conditions any automated review system must satisfy. We agree on the
need for a more rigorous science of AI review, but argue that empirical evaluation alone is insufficient.
Baumann et al. [2026] assert that AI review can be used once it is shown to be non-gameable; we
point out that no AI review system that relies on proxies for scientific quality will be non-gameable
in the strong sense, because scientific quality is not reducible to a small set of stable proxies. While
alternatives like submission quotas or fees are worth exploring, our position is that AI review cannot
be ruled out as obviously better or worse than human review, and community deliberation about its
value is best supported by explicit characterization of what the proxy measures, what it misses, how
it can be optimized, and what tradeoffs follow from using it.
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A.1 Decision problem setup

Action, general latent state, utility function. The reviewer faces a binary action, A =
{do not flag,flag}. The intended use of the signal is to decide whether to flag a claim for evi-
dential fragility. Let θ ∈ {0, 1} denote the latent epistemic state, where θ = 1 means the claim
satisfies the epistemic property of interest and θ = 0 means it does not. Below we define two different
candidate epistemic states of whether the study has sufficiently high signal-to-noise and whether the
observed effect has the correct sign.

We use a simple symmetric utility function:

u(a, θ) =


1, a = do not flag and θ = 1,

1, a = flag and θ = 0,

0, otherwise.

Note that under this utility function, the Bayes-optimal reviewer flags whenever

P (θ = 0 | S) > 1

2
,

or equivalently does not flag whenever

P (θ = 1 | S) > 1

2
.

Specific latent state, signals, and data-generating model. Let Λ denote the (unobservable) signal-
to-noise ratio of a reported estimate. Following the signal-to-noise model assumed by [van Zwet
et al., 2026], Λ ∼ H , where H is a corpus-level distribution of signal-to-noise ratios. We use the
OSC-fitted distribution H as a prior over signal-to-noise ratios, where conditional on a draw Λ ∼ H ,
we simulate a reported study statistic Z and an exact replication statistic Zrep, assuming z-values are
equivalent to signal-to-noise ratios plus independent standard normal errors,

Z = Λ+ ϵ, ϵ ∼ N (0, 1).

Similarly, we assume an exact replication produces

Zrep = Λ+ ϵ′, ϵ′ ∼ N (0, 1),where Z ⊥⊥ Zrep | Λ.

We consider two latent epistemic states under these assumptions. The first is whether the study has a
sufficiently high signal-to-noise ratio for the intended decision:

θsnr = I(|Λ| ≥ λ0).

where λ0 > 0 denotes a threshold chosen for the decision context. We use λ0 = 2.8, which is
the signal-to-noise ratio corresponding to 80% power at the 5% two-sided level under the assumed
data-generating model.

The second is whether the observed effect has the correct sign:

θsign = I(ΛZ > 0).

We also consider two observable signals. The first is a statistical significance indicator calculated
from the original study z-value,

Ssig = I(|Z| ≥ 1.96).

The second is exact replication success:

Srep = I(ZZrep > 0, |Zrep| ≥ 1.96),

which indicates that the exact replication is statistically significant in the same direction as the original
result.

We compute posteriors over Λ conditioned on the signed z-value Z = z as intermediate quantities,
then marginalize over z within the significant or non-significant region to obtain posteriors condi-
tioned on Ssig. Although van Zwet et al. use absolute z-values for model fitting (H is symmetric),
conditioning on the sign of z is necessary for θsign, and produces equivalent results for θsnr.
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A.2 Posterior distributions

Posterior over signal-to-noise ratio. We first define the posterior distribution over the signal-to-
noise ratio. Posterior distributions for both latent epistemic states depend on this posterior, as they
express the fraction of the signal-to-noise ratio posterior mass satisfying the condition given by θ.

After observing Z = z, the posterior density evaluated at Λ = λ is

pΛ|Z(λ | z) = ϕ(z − λ)h(λ)∫
ϕ(z − λ′)h(λ′) dλ′ ,

where h is the density of H and ϕ is the standard normal density.

If the reviewer also observes replication success Srep = srep, then

pΛ|Z,Srep(λ | z, srep) ∝ ϕ(z − λ)P (Srep = srep | z, λ)h(λ).

For z > 0,
P (Srep = 1 | z, λ) = 1− Φ(1.96− λ),

and for z < 0,
P (Srep = 1 | z, λ) = Φ(−1.96− λ).

In either case,
P (Srep = 0 | z, λ) = 1− P (Srep = 1 | z, λ).

Posterior over sufficient signal-to-noise ratio. Let pZ(z) =
∫
ϕ(z − λ)h(λ) dλ be the marginal

density of Z. We define the intermediate quantity

P (θsnr = 1 | z) =
∫

I(|λ| ≥ λ0) pΛ|Z(λ | z) dλ.

After observing Ssig = s, we get the posterior by marginalizing over z:

P (θsnr = 1 | Ssig = s) =

∫
{z: I(|z|≥1.96)=s}

P (θsnr = 1 | z) pZ(z) dz

P (Ssig = s)
.

After also observing Srep = srep, define

P (θsnr = 1 | z, srep) =
∫

I(|λ| ≥ λ0) pΛ|Z,Srep
(λ | z, srep) dλ.

The joint posterior is

P (θsnr = 1 | Ssig = s, Srep = srep) =

∫
{z: I(|z|≥1.96)=s}

P (θsnr = 1 | z, srep) pZ(z)P (Srep = srep | z) dz∫
{z: I(|z|≥1.96)=s}

pZ(z)P (Srep = srep | z) dz
,

where P (Srep = srep | z) =
∫
P (Srep = srep | z, λ) pΛ|Z(λ | z) dλ.

Posterior over correct sign. We apply the same marginalization applies, first calculating

P (θsign = 1 | z) =
∫

I(λz > 0) pΛ|Z(λ | z) dλ

and
P (θsign = 1 | z, srep) =

∫
I(λz > 0) pΛ|Z,Srep

(λ | z, srep) dλ.

We obtain the posteriors P (θsign = 1 | Ssig = s) and P (θsign = 1 | Ssig = s, Srep = srep) by the
same weighted averages as for θsnr above, where we replace P (θsnr = 1 | ·) with P (θsign = 1 | ·).
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A.3 Quantifying the value of the signals

Baseline value without signals. For either target state θ ∈ {θsign, θsnr}, let p(θ) denote the prior
probability of the favorable state before observing any signal. The expected value of the best
prior-only action is

V0(θ) = max
a∈A

Eθ[u(a, θ)].

For the psychology replication corpus, the baseline for sufficient signal-to-noise ratio is 0.794.
Without any signal, the best constant action is always flag (since P (θsnr = 1) = 0.206 < 0.5), so
the rational agent baseline would be right 79.4% of the time.

The baseline for correct sign is 0.783. The best constant action is don’t flag (since P (θsign = 1) =
0.783 > 0.5 before any signal).

Benchmark and value of observing statistical significance. The benchmark for observing only
statistical significance is

Vsig(θ) = ESsig
[max{P (θ = 1 | Ssig), P (θ = 0 | Ssig)}] ,

which is 0.783 for θsign, and 0.843 for θsnr.

The value of the significance signal is

∆sig(θ) = Vsig(θ)− V0(θ),

which is 0.000 for θsign and 0.049 for θsnr.

Benchmark and value of replication success. The benchmark for observing only exact replication
success is

Vrep(θ) = ESrep

[
max
a∈A

Eθ|Srep
[u(a, θ)]

]
,

which is 0.783 for θsign, and 0.862 for θsnr.

The value of replication success alone is

∆rep(θ) = Vrep(θ)− V0(θ),

or 0.000 for θsign, and 0.068 for θsnr.

Benchmark and value of both signals. The benchmark for both signals (Sboth = (Ssig, Srep)) is

Vboth(θ) = ESboth

[
max
a∈A

Eθ|Sboth
[u(a, θ)]

]
.

For θsign, this is 0.783. For θsnr, it is 0.925.

The value of observing both signals is

∆both(θ) = Vboth(θ)− V0(θ),

or 0.000 for θsign, and 0.131 for θsnr.

Figure 4 depicts the value of all signals for the two latent states.
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Figure 4: Expected utility of the Bayes-optimal decision rule under each signal (quantifying the
ex-ante best case value of the signal), for two latent epistemic states, θsign (left) and θsnr (right). Each
dot shows the expected utility given the signal listed on the left. The dashed line is the baseline V0,
representing the utility of the best constant action without any signal. Under the symmetric 0/1 utility
function, utility is the probability of making the correct review decision.
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