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Abstract. Adoption of artificial intelligence (AI) by authors has accelerated production of
academic articles and increased submission rates to journals, thereby straining review
capacity and hurting journal outcome metrics, such as turnaround time and decision accu-
racy. Academic journals face an imperative to improve review quality and productivity by
incorporating generative Al tools in the review workflow. As a concrete first step toward
this idea, we outline a particular workflow that deploys large language models as a struc-
tured, trained, frontline reviewer. The workflow underlines that Al-produced evaluations
must be transparent and contestable by authors. We emphasize the need for Al-infused
peer review to be journal specific, designed for efficiency, accuracy, and accountability,
within a human-in-the-loop oversight framework. We build a mathematical model of jour-
nal operations to compare outcomes under a status quo no-Al workflow and the proposed
Al-infused workflow. The model captures how governed Al reconfigures human reviewer
effort and illuminates conditions under which the Al-infused workflow can improve
vital metrics, such as turnaround time and decision accuracy. Our essential point is that
journals need to adopt a deliberate and institutionally governed approach for using Al
in the review process. We recognize that identifying an “optimal” Al-infused peer
review workflow or even definitively projecting the consequences of one will require
substantial experimentation to calibrate and configure the workflow across multiple
alternative designs.
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Al and large language models (LLMs), have acceler-
ated authors” ability to generate research articles. For
instance, Google’s AI Co-Scientist has successfully gen-

1. Introduction and Motivation
Peer review is essential to academic research and the
profession. It requires multiple expert reviewers with

specialized knowledge to devote substantial time in
assessing the quality of submitted articles. As with any
operations system, peer review faces substantial stress
when the supply of submissions overcomes the capac-
ity to process them. Such a scenario is occurring now as
artificial intelligence (AI) tools, especially generative

erated novel, literature-grounded hypotheses for biology
laboratories, some of which aligned with hypotheses
developed independently by the same laboratories (Gott-
weis et al. 2025). Similarly, Gans (2025) reports that an Al
coauthor helped draft a full paper within a single day.
Mathematician Terence Tao has likewise explored Al
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collaboration on proofs and analyses (Tao 2025). Lud-
wig and Mullainathan (2024) and Manning et al. (2024)
indicate that Al holds potential for generating and test-
ing hypotheses within the social sciences.

As aresult, Al appears to make authors more produc-
tive. Kusumegi et al. (2025) provide mounting evidence
that LLMs boost the output of scientific papers by
23.7%-89.3% depending on the field and the author’s
background. Xu and Yang (2026) show that an agentic
Al workflow can reanalyze and replicate studies with a
high success rate conditional on accessible data and
code, which should raise author productivity by letting
researchers produce, verify, and revise more work in
less time. More recently, Project Autonomous Policy
Evaluation (APE)' illustrated the impact of this produc-
tivity gain in practice; its public dashboard reports
more than 400 Al-generated economics papers pro-
duced within two months. Unlike the studies above,
which focus on Al reshaping individual researchers’
workflow, APE demonstrates what happens when
Al-assisted authorship is deployed as a systematic pipe-
line; the paper output volume of a small team begins to
drastically scale.

A recent editorial commentary in Information Systems
Research underscores that generative Al is already
reshaping research practices and disciplinary expecta-
tions while warning that the community must develop
new norms to manage these shifts responsibly (Gopal
et al. 2025). From a recent report by a top publisher:
“Peer review ... is under unprecedented pressure. Too
many submissions are funnelled through a limited
pool of reviewers, creating unsustainable workloads
and threatening the effectiveness, speed and fairness of
peer review” (Cambridge University Press 2025, p. 11).
This article articulates the operations crisis confronting
academic peer review, develops a formal model to cap-
ture the essence of the process, proposes an Al-infused

peer review workflow, and applies an extended model
to examine under what conditions and to what extent
this new approach can help address the crisis (Cam-
bridge University Press 2025). Our process and model
exemplify how Al can be integrated, but we recognize
that designing the optimal way to employ Al in the
review process requires careful design, calibration, and
experimentation.

1.1. Impending Crisis: Operational Strain and the
“Shadow Al” Problem

As Al increases submissions, academic journals are
finding it harder to distinguish high-quality work while
maintaining timely decisions (Gartenberg et al. 2026).
Management Science submissions increased from 4,710
in 2024 to 5,735 in 2025, a rise of 22%. At two major jour-
nals, submissions increased by roughly 50% between
2022 and 2025 (panel (a) of Figure 1). Recent concerns
on manuscript and grant time to decisions have been
noted by government agencies and in the academic
press (National Institutes of Health 2025, Richardson
et al. 2025). Operations theory suggests a nonlinear
congestion effect; as utilization approaches one, small
inflow shocks translate into large delay increases—a
capacity cliff. Panel (b) of Figure 1 illustrates this pattern
based on a stylized operations model of journals (pre-
sented in Section 2), with nonlinear deterioration in the
critical metrics that define a journal’s performance,
namely turnaround time and decision accuracy.

A related problem is shadow Al, where reviewers
(and editors) already use Al tools but in an opaque and
ungoverned manner. Although several academic jour-
nals and publishers restrict these Al tools in peer review
because of concerns over confidentiality, accountability,
and accuracy (Bhargava et al. 2025, Peters and Chin-Yee
2025), informal reports and detection-based studies
have documented that a nontrivial fraction of reviews

Figure 1. (Color online) Capacity Pressure and a Governance Hypothesis
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(in computer science conferences) contain Al-generated
text (Liang et al. 2024a, Latona et al. 2025). For journal
leadership, shadow Al is difficult to observe or mea-
sure. When multiple reviewers privately rely on similar
general-purpose LLMs, their review errors become
structurally correlated, eroding the independence of
judgment that journals rely upon. Moreover, reviewer-
initiated use of public Al interfaces can create uncon-
trolled data retention, use a variety of unknown
prompts, or have third-party logging. A governed,
journal-specific Al system does not eliminate shadow
Al but it may reduce reviewers’ incentive to seek exter-
nal Al support while making the journal’s own Al use
transparent and its induced correlations estimable.

1.2. Proposed Solution: Managed, Al-Augmented
Peer Review

Although Al use for peer review is problematic when
it is opaque, uncontrolled, heterogeneous, and undi-
sclosed, there is credible evidence of an upside to using
Al Comparative studies report substantial overlap
between LLM critiques and human critiques (Liang
et al. 2024b). They can be helpful in identifying clarity
problems, missing reporting elements, internal incon-
sistencies, and other structured checks (Berente and
Recker 2025).

The managerial problem is, therefore, not “Al or
no Al” but how to move from opaque adoption to
managed adoption of Al: a journal-provided, journal-
scoped Al diagnostic tool applied before human review
paired with a short author right of response and instru-
mented through structured logging. The Al output
is explicitly nonfinal; it is an input to editorial judg-
ment, not a recommendation and not a substitute for
reviewers. We propose that the Al reviewer and pro-
cess be journal specific. General-purpose Al tools lack
alignment with a particular journal’s standards, meth-
odologies, and values. Therefore, journals will scope
Al to tasks where criteria can be specified and outputs
can be validated, and they may prevent scope creep
into value judgments.

The Al tool is a design choice that can be tailored,
trained, and vetted according to the specific criteria
of the target journal, potentially focusing its capabili-
ties on aspects appropriate for that journal (e.g.,
mechanical checks, writing quality, or methodologi-
cal soundness) while freeing up resources for human
oversight and judgment. Journals must customize
their Al tool; some journals may constrain the Al to
auditable rubrics, and others may allow for less con-
strained Al reviews. Confidentiality and intellectual
property concerns further strengthen the case for a
journal-led workflow.

Managed Al (versus both shadow Al and permissive
policies) enables the measurement of the effects of
using Al It enables treatment of Al as an informational

input with two estimable properties: reliability (noise/
precision of the Al signal) and error correlation (the
degree to which review errors are correlated with each
other once the Al review is observed). These quantities
could in principle be recovered from records or pilot
rollouts and used to design workflows that meet a jour-
nal’s standards. Section 3 presents a proposed work-
flow, which we formalize by extending our journal
review model by infusing Al into the process. Given a
manuscript to review, humans (or humans and Al in
the governed-Al case) produce noisy unbiased esti-
mates of manuscript quality, and the journal seeks pre-
cise estimates to improve its decision accuracy. The Al
review (and initial author response) affects two chan-
nels: the productivity of reviewer time and the weight
that the Al review carries in the reviewer’s final report.
The risk is error correlation; when reviewers see the Al
report, their errors may become correlated with the
Al’s errors (anchoring).

2. A Benchmark Model of Journal
Operations

We frame an academic journal’s review process as a
resource-constrained estimation problem. The journal
receives a flow of submissions and through editorial
review, must estimate manuscript quality accurately
enough to make sound accept/reject decisions (see
Figure 2).

The key performance dimension is estimation-error
variance: how precisely the deciding editor (DE) can
assess manuscript quality given limited reviewer time.
Improved precision allows the journal to more often
correctly accept good papers and reject weak ones. As
mentioned earlier in Section 1.1, as submission rates
rise—particularly with Al-accelerated authorship—the
reviewer time available per manuscript shrinks, put-
ting upward pressure on estimation-error variance and
threatening decision quality.

Formally, we model journal review as a stylized
single-round process. We assume that manuscript
quality is a scalar latent variable Q. Each manuscript is
assigned to mH human reviewers, where H denotes
human parameters and outcomes in the human-only
benchmark case. Each reviewer i provides a quality sig-
nal QIH to a deciding editor. Reviewer signals are noisy,
with precision improving in reviewer skill and time
allocated.” The DE aggregates the reviewer signals to
form an estimate of manuscript quality, and the journal
sets a target estimation-error variance o7, that deter-
mines the required review thoroughness. The DE’s
only choice variable is the time allocated per reviewer,
t; all other parameters are taken as given.

This parsimonious setup blends multiround review
into one stage so that we can focus on estimation
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Figure 2. Simplified Model of the Current Review Process

Human Reviews
(m=3)

Deciding Editor

Notes. For clarity, we model the review process as a single-stage process. We also visually omit potential desk rejection for clarity.

precision rather than iterative paper improvement. A
valuable extension may be to consider improvements
to paper quality endogenous to the review process. The
notation is summarized in Table 1.

2.1. Human Reviewer Signals and Aggregation
Reviewer i produces the signal

AH
Qi =sl=Q+¢lf,
1

—_—, i=1,...,m
Oy tH(tH)
where #1>0 is the time allocated to each reviewer
and 71 (#7) is the time-effect function, which is increas-
ing and concave: (")’ (t) > 0, (z")” (") < 0, 71(0) = 0,
and 7H(c0) — 1. The time-effect function translates
time invested by the reviewer into increasing review

Var(ef{ )=

Table 1. Notation Summary

precision (by reducing ¢!?). Although this function may
be sigmoidal, we assume that the journal operates in
the concave portion; hence, t(#) is concave in t.
Note that although Q" = S/ in this benchmark, this
will not be the case in the Al-assisted regime.

Assume that reviewer errors {e!? }Zﬂ are condition-
ally independent given Q. The human-panel mean and
estimation-error variance in the human-only bench-
mark is

1
mH O tH(tH)

@

H
_ 1 m n
H. H, 2,H H (Hy _
Q ':WZQi ’ O_post(m /t )_
i=1

The variance is decreasing in both # and m! (with
diminishing incremental gains from additional reviewers
(see the Online Appendix). A smaller estimation-error

Symbol Definition

Q Latent quality of each manuscript

mH, m4 Number of human reviewers per manuscript

OH, 04 Estimated manuscript quality by reviewer i that they submit to the DE
O, 67 Quality parameter (0 for human reviewers, 6 for Al)

t, A Reviewer time allocated per manuscript (chosen endogenously by the DE)
(), TA() Time-effect function: maps time to precision gain

Hiot Total reviewer-hour budget per period

st s4 Human reviewer’s independent signal of manuscript quality

efl, e Error of human signal estimates

Qf, o4 Panel mean: DE’s aggregate quality estimate

o, oA Optimal per-reviewer time that achieves target variance o,

aé’ﬂt, of,’o’it Estimation-error variance of DE’s quality estimate

0%, Target estimation-error variance (“journal quality”) set by the editor

Al-specific notation

Z(0z) Al review’s signal of manuscript quality

ez Error of Al review signal estimate

0%%(0z) Variance of Al review signal error

w(0z) Weight that reviewer i places on the Al review signal, w(67) € [0,1)

pHH(tA, 07) Pair-wise between-reviewer error correlation induced by the shared Al review
Queueing and capacity notation

A Submission arrival rate (Poisson process)

pH, ut Service rate (throughput): " = Hyo/(m" t*") for r € {H,A}

TH(A; ), TA(A; )

Expected journal response time: 1/(u” — A) for r € {H,A}

Notes. Superscripts H and A index the review process in the human-only benchmark and Al-assisted regime,
respectively. Subscripts H and Z on 6 denote human-specific and Al-specific quality, respectively.
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variance alza’ofsft enables more accurate acceptance deci-

sions. Given a target estimation-error variance o, >0,
the DE’s optimal (minimal) choice of per-reviewer time

is " = (1)~ (1/(m" O ot,)).

2.2. Throughput and the Capacity Cliff

Given a total reviewer-hour budget Hy, per period,
the journal’s service rate (throughput) is p'! := Hy, /
(mt t+H). Manuscripts arrive as a Poisson process
with rate A > 0. By standard results from queueing the-
ory, the expected journal response time T"(A; uf) =1/
(uH — M) is strictly increasing and convex in A, and it
diverges as A T u!l. This capacity cliff property means
that as Al-accelerated authorship drives up submis-
sions, journals operating near their human-only capac-
ity u!! will exhibit longer turnaround times. This puts

downward pressure on decision accuracy (i.e., upward
2,H
post

reviewers spend less time per submission to keep turn-
around times under control even as submission vol-
ume increases.

Figure 1 from Section 1 illustrates this emerging crisis.
At relatively low submission volumes, journals com-
fortably maintain high decision accuracy with short
turnaround times. As the submission rate grows,
the system reaches the capacity cliff; reviewer work-
loads consume the journal’s capacity, leading to rap-
idly escalating turnaround times and processing
backlogs. Journals face the difficult choice of increas-
ing reviewer resources, reducing the number of
reviewers per manuscript, or accepting lower decision
accuracy.

pressure on estimation-error variance, o;,,) as journal

3. Fighting Fire with Fire: Al-Infused
Peer Review

In its recent review of operational pressures facing aca-
demic journals, the Cambridge University Press under-
lines the role of technology in improving productivity
of peer review (Cambridge University Press 2025). Call-
ing for “new solutions that address peer review at
scale,” the review argues that “responsible use of Al
[can] streamline administrative and technical aspects of
review, allowing human expertise to focus on what
makes research interesting and important” (Cambridge
University Press 2025, p. 12). We propose an Al-infused
hybrid editorial workflow, which strategically incorpo-
rates Al early in the review process, potentially reconfi-
guring the efforts of human reviewers more toward
high-level critical tasks. Al influence is explicit and
auditable. There is no intent to automate editorial judg-
ment; instead, our proposed approach suggests leverag-
ing Al to support human judgment with the aim to
improve the sustainability of the peer review process.
We recognize that identifying an “optimal” Al-infused

peer review workflow or even definitively projecting
the consequences of one will require substantial experi-
mentation to calibrate and configure the workflow
across multiple alternative designs.

3.1. Proposed Al-Augmented Journal Operations
Workflow

The core of our proposal is a two-stage process in

which the evaluative role of Al is tailored to the

domain, methods, and value systems of the journal.

1. Initial AI review and author response. Upon sub-
mission, every paper undergoes an immediate, journal-
specific Al review. The Al tool generates structured
critique and feedback for the authors, who then prepare
a response document (or withdraw the paper) to
address or rebut the points raised by the AL This initial
exchange serves to identify and correct basic issues,
increases clarity, and ensures a baseline level of quality
before the paper enters the human review process.

2. Human review with Al context. When the paper
proceeds, human reviewers receive not only the origi-
nal manuscript but also, the Al-generated review and
the authors” response. This augmented context allows
them to save time on mechanical checks, which now
simply need human oversight, and focus their intellec-
tual energy on aspects of the review that require deeper
human involvement, such as contribution to the litera-
ture and impact.’

Our proposal specifically implies that the Al review
focuses on activities that have been vetted with
respect to that journal. For instance, a particular jour-
nal might use Al to examine writing quality or a rigor-
ous methodology that provides evidence of these
claims.* Crucially, this proposal shifts the use of Al
from an informal, unobserved tool used idiosyncrati-
cally by individuals to a journal-provided and journal-
scoped assessment that every submission sees in the
same way. The Al and human reviewers work together
as explained below and depicted in Figure 3. The man-
uscript itself remains fixed at this stage; the response is
an attachment, not a revision. Reviewers receive three
objects: the manuscript, the Al assessment, and the
author response.

3.2. A Model of Al-Infused Peer Review

We extend the model of peer review to capture the
Al-infused peer review process described in Figure 3.
The model captures two key tensions. (1) Al with qual-
ity 0z can make reviewer time more productive (cap-
tured through ) and improve the precision of human
reviews through an informative signal Z(67) compris-
ing the Al review and author response, but (2) it can
reduce the diversification benefit of having multiple
independent reviewers because all reviewers rely on the
same Al review (through the weighting term w(67)),
creating potential correlation p,,,, in their errors.
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Figure 3. (Color online) Governed AI Workflow (Proposed) vs. Status Quo (Shown Previously in Figure 2)

Human Reviews
(m=2)

Journal-tuned

Al Review

Authors

A
Shar‘cd with ! Authors Submit
Review Team ' Rebuttal to AI Review
—— .| Authors Choose |-------=
Shared with Rebuttal or Exit Exit Review

Deciding Editor

Notes. An Al review is generated by the journal upon receiving the manuscript. Authors can choose to exit or write a rebuttal that addresses con-
cerns or corrects any mistakes. Reviewers receive the original paper alongside the Al review and the Al rebuttal.

The Al review affects the editorial decision only indi-
rectly through its effect on the human reviewers’
reports. Our model’s focus is on reviewer time. We do
not model DE time per review nor model authors’
withdrawals or desk rejections. We also do not model
the author response to the AI review, which adds
elapsed time to the process but not to reviewer
time. Lastly, we do not model the potential effect of
Al-assisted review on the mean number of review
rounds of a multiround process.

3.2.1. Al Signal. Let the AI review signal be Z(07) =
Q+ &% with unbiased mean E[¢?] =0 and variance
Var(e?) = 6%%(6), where (6%%)(6,) < 0. Without loss
of generality (because of the freedom in defining the
scale of 07), set 0>%(0z) = 1/07.

3.2.2. Human Reviewers in the Al-Assisted Regime.
Let 1 >0 denote the time spent by each of the m*
reviewers in the Al-assisted regime. Reviewer i’s
assessment Q% can be viewed as a convex combination
of the reviewer’s own assessment S plus the Al review
given to them:

Q' = (1-w(02))S! +w(02)2(67),  i=1,...,m", (2a)
1
Out(t4,07)
Q' =Q+w(0)e” +(1—w(O2)ef, (20

St=Q+el, Ele!']=0, Var(el)= (2b)

hence,

where w(07) € [0, 1) measures the weight placed on the
Al review (treated as exogenous). Note that Oy appears
in both regimes because the human reviewer’s intrinsic
ability is regime invariant. In the Al-assisted regime,
the reviewer’s signal S uses the 7 time-effect func-
tion, which we write as t4(t4,07) > 0 (i.e., we capture
dependence of time t and Al quality 07).°

We assume mutual independence of intrinsic reviewer

errors (Cov(ef!,e!) =0 for i#j) and between the

reviewer and Al errors Cov(ef, ¢%) = 0. We also assume
that there is no additional distortion term induced by Al
exposure. Al and reviewer signals are treated as unbi-
ased estimates of manuscript quality (E[¢?] = E[¢£] = 0).
The model captures only the effect of Al-assisted review
on the variance channel and does not capture the direc-
tional bias (mean-effect) channel.

Under these assumptions, Al can worsen the edito-
rial decision through two channels. (i) The shared Al
error ¢ introduces between-reviewer error correlation
that reduces the diversification benefit of multiple
reviewers, and (ii) the time-effect function 74(t4,0;)
may be lower than (/) if the Al review and author
response prove distracting or misleading.

3.2.3. Induced Covariance Across Human Reviewers.
Because all reviewers observe the same Al review, the
errors of their final report become correlated through
the shared Al error term ¢Z; the signals remain unbi-
ased. For a given reviewer i,

(1 - w(02))*

Var(Qf = Q) = w(02) (02 + 55775 5

For two distinct reviewers i # j, Cov(Qf -Q, Q;“ -Q)=
w(02)* a%Z(6y).

The pair-wise between-reviewer error correlation is
w(07)° 62%(07)

—@! 2 :
0(62)? 2 2(07) + L0,

PHH(fA, 0z) =

This error correlation is generated within the workflow
itself because all reviewers see the same Al review. (The
formal derivation is in the Online Appendix.) The error
correlation p,;; is governed by the relative magnitude
of shared versus idiosyncratic error variance. When
w(0z) is small, reviewers rely primarily on their own
individual assessments and p,,; 0. As w(07) — 1,

oy — 1.
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3.2.3.1. Final Signal to DE. This is the observed panel
mean

mt

ZQA Q+w(0z)e” + (1 - w(02) 8%, (3)

where £ := (1/m*) Zl L €1, The DE’s estimation-error
variance is

(1 - w(02))

2 2,7
post(t ,02) = w(0z)"07(02) + AQHTA(tAIQZ).

4)
Online Appendix B.4 shows that the first term is a floor
for the nondiversifiable Al error variance and invariant
to m? and #4; the second term, the diversifiable human
error variance, shrinks with m4 and 4.

3.2.4. Comparative Statics with Respect to Al Quality.
The effect of Al quality on the estimation-error vari-
ance is not unambiguously beneficial. Differentiating
post(t ,0z) with respect to 0z, the sign depends on

three forces:

1. the effect of Al quality on the time-effect function
through 974 /96,

2. the direct improvement in Al precision through
(6%%)(07) <0,and

3. the weighting on the Al signal through w’(6z2).
Force (1) is ambiguous in sign; better Al and author
response may help reviewers more effectively review
the paper (9t /d67 > 0), or the additional complexity
may hinder their review effectiveness (dt%/067 <0).
Force (2) is unambiguously beneficial, with higher Al
quality providing a more accurate Al signal Z(67).
Force (3) creates a tension; higher weight on the Al
signal amplifies the nondiversifiable common error
but reduces diversifiable idiosyncratic noise. Better Al
improves estimation precision when the direct precision
gain (force (2)) and any time-productivity gains (force
(1)) dominate the increased error correlation from higher
weighting (force (3)). (A formal necessary and sufficient
condition is stated in the Online Appendix.)

3.3. Main Analytical Results

We first record a governance result—that optimal reli-
ance on the Al review is interior (Proposition 1)—and
then, establish two threshold results that characterize
when Al quality is sufficient to deliver concrete resource
savings. The first is an intensive-margin threshold: the Al
quality above which better Al reduces the per-reviewer
time needed to achieve a fixed estimation-error target.
The second is an extensive-margin threshold: the Al
quality above which the journal can achieve the same
quality target with fewer human reviewers. (Formal
proofs are in Online Appendix B.)

Proposition 1 (Optimal Reliance on Al). Fix the number of
reviewers m?, per-reviewer time t*, and Al quality Oz, and
write the Al signal noise as A := 6%%(0z) and the human

noise as B :=1/[mA0y 1 (t*,07)]. The DE'’s estimation-
error variance as a functzon of reviewer reliance w € [0,1),

post(a)) WA+ (1—w)*B4, is strzctly convex and mini-
mized at the mtertor weight w*=BA/(A+B4)€(0,1).
Owerreliance (w > w*) inflates the common Al-induced
error and the crossreviewer correlation p,,,; underreliance
forgoes the informative Al signal.

Proposition 1 characterizes the variance-minimizing
weight. This is increasing in quality 0z, holding the time-
effect channel 7# fixed. It is a benchmark, not a weight
set directly. The condition under which Al-assisted
review beats the human-only panel and its proof are
given as Proposition 5 in Online Appendix D.3.

3.3.1. Target Variance and Required Reviewer Time.
Let 02, > 0 be the DE’s target estimation-error variance.
Define the DE’s optimal time allocation in the AI—a551sted
regime +"(0) implicitly by apost(t “A(02),07) = 02,

The following observation records the intensive-
margin implication; when Al quality reduces estimation-
error variance at the operating point, the reviewer time
required to hit a fixed target also falls.

Observation 1 (Effort Saving). Suppose that (1)

dorl /ot <0 and (2) dori /007 <0 evaluated at

(tA, 92) = (t*’A(Gz), Qz) Then, Bt*'A(GZ)/BQZ <0. Thus,
higher AI quality reduces the reviewer time required
to achieve a fixed estimation-error target.

Condition (1) in Observation 1 holds whenever
dt/ot! > 0, which we assume throughout. Condition
(2) in Observation 1 is the substantive requirement; it
holds when the three forces identified above—direct
Al precision improvement, the weight of the Al signal
effect, and the time-effect function response—net out so
that better Al quality reduces the estimation-error vari-
ance at the operating point where the target is just met.

3.3.2. Intuition. The human-only benchmark requires
a fixed per-reviewer time t*! that does not depend
on 07. When the conditions of the observation hold,
t74(0y) is strictly decreasing in 6. Because 4 is con-
tinuous and decreasing, whereas t+H is constant, there
exists a threshold Al quality 6, satisfying t"4(07) =
t+H (provided that Al quality is high enough that
t+4 eventually falls below t“H). For all 6, > 6, the
Al-assisted regime achieves the same estimation-error
target with strictly less reviewer time per manuscript.
This threshold represents the minimum Al quality at
which the journal begins to realize reviewer time sav-
ings from Al integration on the intensive margin. If
embedded in a queueing layer, these time savings
translate into higher reviewer throughput, holding
journal quality fixed. We have modeled reviewer time,
but we have not modeled DE time, author response
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time, or the number of rounds of review. The Al review
and author response step may add elapsed calendar
time before human review begins; our model captures
reviewer time requirements rather than total calendar
latency, so this front-end latency must be evaluated
empirically.

3.3.3. Reviewer Substitution Threshold. Let the human-
only benchmark consist of m" =3 human reviewers
with per-reviewer time 1. Now, consider the Al-
assisted regime with m# =2 human reviewers evalu-
ated at the benchmark reviewer time +“", and define
G(07) = 0 lt,0,).

Proposition 2 (Substitution Threshold). Assume that
G(0z) is continuous and strictly decreasing on an interval
[07,07] and that G(07) > 0%, and G(Oz) < o2,. Then,
there exists a unique critical Al quality 05" € (0, 07) such
that G(05") = 02,. For every Oz > 05", two Al-assisted
reviewers strictly exceed the target precision previously deliv-
ered by three human reviewers without Al. Under these con-
ditions, Al quality induces a unique substitution threshold.

The existence of the threshold is conditional on
G(0z) being monotone decreasing over the relevant
operating region; the previous comparative-statics dis-
cussion shows that this need not hold globally because
Al quality affects the system through multiple compet-
ing channels. This threshold corresponds to the point
at which one human reviewer can be removed without
sacrificing accuracy. It provides an operational bench-
mark for when Al-assisted reviewer substitution is
feasible. In the Online Appendix, we present formal
derivations in Online Appendix C, an analysis of
review time in a queueing layer in Online Appendix
B, and an analysis of our model using closed-form
functional forms in Online Appendix D.

We close this analysis with the crucial result that the
Al-infused workflow can improve decision accuracy
even when the stand-alone Al review signal is noisier than
that of a time-constrained human reviewer (ie., (1/0z) >
(1/[6n7(#)])). This condition is stronger than a con-
dition that Al reviewer quality is below human
reviewer quality (0z < Oy). The mechanism and intui-
tion behind this result are that the Al review allows the
journal to reduce the number of reviewers per paper,
allowing each reviewer more time and hence, improv-
ing their signal to the DE. Analyzing the effect of this
process change in conjunction with other aspects, such
as the scoping of Al review and the degree to which
human reviewers are influenced by the Al review
when doing their own evaluation, yields the condition
under which Al-infused review can be beneficial. The
feasible region covers cases where 0z < 0. We state
the result formally in Proposition 3 and provide a
numerical example to illustrate the finding.

Proposition 3 (Al-Infused Review Can Be Effective Even
When Al Is Weaker Than Human). Suppose the Al-assisted

review regime cuts the number of human reviewers from
mH =3 (each with time t7) to m* =2 (each with time t*)
while holding total human reviewer time per manuscript
fixed, mt = mAtA. Assume that €}, €4}, and e are mutu-
ally independent. Then, the Al-assisted regime can yield a
lower-variance signal to the DE than the human-only
benchmark, even when (1/07) > (1/[0xt (7)) (ie., the
stand-alone Al review signal is noisier than that of a time-
constrained human reviewer and hence, also larger than the
unconstrained human; that is, (1/67) > (1/6g)).

Proposition 3 has been framed above as an accuracy
result—lower estimation-error variance at fixed total
reviewer time; however, the journal can instead con-
vert some or all of the gain into shorter turnaround,
fewer reviewer hours per manuscript, or a mix of accu-
racy and speed. We illustrate this with four numerical
scenarios. The accuracy-gain framing of the proposi-
tion holds m"t? = mAtA fixed, and this reallocation—
fewer reviewers, each with more time—delivers accu-
racy gain only in scenarios 1-3. Scenario 4 below illus-
trates the alternative in which part of the gain is taken
as a reduction in total reviewer time. The essential
point is that the Al-assisted regime lets at least one met-
ric (accuracy or turnaround) improve, whereas the
other does not worsen.

Example 1. Let (m" =3,m" =2,w =1,k = 1) with human
reviewer quality Oy = 1. Let human-only reviewer time
t1 = —10g(0.3) ~ 1.204. Then, T (") =1 —¢*" =0.7. The
individual human review signal under this benchmark
time allocation has noise (1/0.7) = (1/[0x7"(t")]). The
estimation-error variance under the three human

reviewer benchmark is of)’oft ~ 0.4762.

Keeping total human reviewer time (for each manu-
script) unchanged when moving from three human
reviewers to two Al-assisted human reviewers, mt =
mAt4, yields t4 = (3/2)t" ~ 1.806. The stand-alone Al
signal has noise (6%%(6z) =1/67), which exceeds the
individual human review signal in scenarios 1, 3,
and 4 below (in scenario 2, Al noise is worse only
than the unconstrained human reviewer). The effect
of Al review on human productivity is defined by
(07) (a value exceeding one represents a productiv-
ity gain) and impacts the time effect via t4(t4,6z) =
1— e t"¥(02),

All scenarios yield that the Al-assisted estimation-
error variance with two human reviewers

O'Z’A = ﬁ.'.&
post 04 mAQHTA(tA, 07)

is less than o> ~ 0.4762 (Table 2).

post
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Table 2. Tllustrative Examples of Effects for Al-Infused Peer Review

Scenario 0z P(6z) tA mAt 1/64 of,’(gt

1. (No productivity gain) % 1 1.806 3.612 2.000 0.4629
2. (Improved Al quality) % 1 1.806 3.612 1.333 0.4363
3. (Al + productivity boost) 0.65 1.279 1.806 3.612 1.538 0.4168
4. (Reallocation: mAt4 = 0.9 m!tH) 0.65 1.279 1.625 3.251 1.538 0.4273

The two-reviewer Al-assisted process produces a
lower-variance signal to the DE through a mix of
effects. (i) Modest reliance on Al keeps the nondiversi-
fiable Al noise floor small (w?/6z, ranging from 0.053
to 0.080 across the four scenarios), (ii) reducing the
human panel from three reviewers to two gives
reviewers more time per manuscript, and (iii) the Al
review plus author response increases the productiv-
ity of that time through 1(0z) > 1 (in scenarios 3 and
4). Scenario 4 illustrates accuracy gain plus a 10%
reduction in total reviewer time (shorter turnaround).

3.4. Shadow Al

Our analysis has covered an idealized peer review sta-
tus quo, in which multiple human reviews produce
independent signals and do so without using an Al
review tool. As discussed earlier, emerging evidence of
shadow Al in the review process suggests that reality
may be different than the human-only benchmark;
with ad hoc use of Al, human reviewers also become
increasingly correlated with each other as they mutu-
ally (yet privately) rely on Al-assisted review tools. In
our model, this corresponds to (1) unknown reviewer
weighting of the Al signal and (2) private Al signals
that are generated with unknown prompts by the indi-
vidual reviewer.

We discuss the potential implications of shadow Al
for our benchmark (a panel of independent reviewers).
Reviewers using shadow Al may be more productive
but may also induce a positive correlation among the
human reports; reviewers privately relying on similar
Al tools may share a common, journal-unobserved
error component. This is similar to the common error—
the induced correlation p,;,—that the governed work-
flow introduces, with one key difference; under
shadow AIl, the common component is unmanaged
and unmeasured, whereas under the governed work-
flow, it may be observable. The Al-induced correlation
that our model stresses is a cost relative to a panel of
independent reviewers, but it can potentially be a bene-
fit relative to shadow AI because the journal can
observe the common component. A further distinction
is the structured author response, which can meaning-
fully interact with the Al review in a way that shadow
Al does not.

Compared with shadow Al, our proposed governed
framework has three advantages. First, the Al review is

produced by the journal and shown to reviewers. This
makes the Al signal Z(9) observable, and it enables
the journal to estimate, perhaps through experiments,
reviewers’ dependence on the Al review (w). Second,
the Al signal is generated by the journal, increasing
transparency to authors on what signal Z(60z) the
reviewers are using. Third, the governed workflow eli-
cits an author response to the Al review, which enters
the time-effect function t4(t!,67). This response can
improve reviewer productivity—an important channel
that is absent under shadow AL

3.5. Key Considerations About Al-Infused
Peer Review

One concern for an adverse effect from using an Al
reviewer (and sharing the AI review with human
reviewers) is error correlation between human reviewers
and Al output—specifically, reviewer complacency.
However, this risk exists to some extent even when
reviewers independently use Al tools. Observing the
journal-approved Al makes this transparent, with cor-
relation estimable potentially via experiment. To miti-
gate anchoring, our view is that Al output should be (i)
prohibited from accept/reject recommendations and
(ii) presented in structured and tunable formats (e.g.,
flags first with expandable evidence). Humans retain
responsibility for all decisions, including contribution,
novelty, impact, and ultimately, whether to accept or
reject. Additional concerns involving implementation
and the need for experimentation are summarized in
Table 3.

4. Conclusion

This article emerged from the imperative to address
operational stress faced by journals from increased sub-
mission volume combined with the potential harms
from hidden uncontrolled use of Al in peer review.
Rather than responding defensively or resisting Al, the
academic community has the opportunity to lead in
shaping systems that uphold scholarly values in this
new era. This paper offers both a theoretical model and
a practical workflow to integrate Al into peer review
(laid out in Section 3), not as a substitute for human
judgment but as a structured and transparent work-
flow. We propose employing Al as a first-line reviewer
to provide early feedback and request author response
prior to human evaluation. Authors receive quick



Downloaded from informs.org by [216.73.216.42] on 07 August 2026, at 19:42 . For personal use only, all rights reserved.

10

Bhargava et al.: How Al can Help Sustain Integrity of Academic Peer Review
Management Science, Articles in Advance, pp. 1-13, © 2026 INFORMS

Table 3. Key Questions for AI-Augmented Peer Review

Question

Considerations

Our view

Should an Al reviewer be available to
authors before submission?

Are Al and human review tasks strictly
separated?

Will human reviewers not revert to
using their own private Al tools?

Could reviewers become complacent or
overreliant on Al assessment?

Might reviewers overcorrect by shifting
their standards upward in response

Availability of the tool and/or prompt;
cost for the journal; potential for
authors” gaming behavior

Workflow design; correlation between Al
and human review; feasibility

Quality of Al reviewer

Conformity with institutionally legitimated
algorithms and its impact; accountability
concerns; reputational consequences

False negatives; quicker path to rejection
for weaker papers

Weak preference for restricting
presubmission access

Division of tasks is one of emphasis, not
exclusion

Governed Al workflow reduces the
incentive for shadow AI and makes the
journal’s own Al use transparent and
measurable

Even if complacency arises, it is
observable; need for experimentation
(e.g., through randomized holdout
designs)

Need for experimentation: compare
acceptance rates and rejection reasons

to Al flags?

Will authors not game the Al reviewer
by strategically preoptimizing their
submissions?

Does the author response to the Al
review create an excessive burden
without commensurate quality gains?

Could Al homogenize reviews,
screening out novel or risky
contributions in favor of safe,
incremental work?

Does the proposed workflow benefit
only marginal-quality submissions, or
does it help across the quality
spectrum?

not a revision

Aesthetic vs. substantive improvements

Generic vs. useful Al feedback; response

Al’s homogenizing tendencies; assessment
of novelty and breakthrough potential

Accept/reject threshold; quality levels

across Al-exposed and holdout
conditions

Strategic compliance with Al review
criteria alone cannot guarantee
acceptance

Track revision cycles and author time to
resubmit to ensure that the process
remains efficient

Need for experimentation: test whether Al
affects reviewers’ judgment and
recommendations of papers that appear
novel

Benefits span the full-quality distribution
but operate through different
mechanisms

Note. An extended discussion is in the appendix.

feedback from an audited, transparent, and journal-
approved process, with an opportunity to clarify and
explain. The Al review combined with author-provided
explanation can provide greater context and focus to
reviewers. A governed Al process can serve accountabil-
ity requirements (human reviewers make final decisions,
consistent with the European Union Al Act mandates
and similar regulation), maintain confidentiality through
secure infrastructure with reviewer-level access controls,
and enable measurement of the process. Our framework
preserves reviewer agency, supports editorial judgment,
and converts unobserved processes—such as reviewers
privately using their own Al tools and prompts—into
managed operational levers under editorial oversight.
Our specific proposal for countering the Al-induced
operational challenge is a call to action that aims to pre-
pare journals for the realities of Al-augmented scholar-
ship rather than a finalization in each aspect. Indeed,
the final workflow will be a function of various journal-
specific discussions and iterations with stakeholders. It
has both merits and limitations, underlining the need
for careful experimentation. There are many remaining
questions and concerns for future assessment, including
those highlighted in Table 3 and the appendix. We hope

that this proposal establishes a foundation for the man-
agement sciences scholarly community to build upon
and improve.
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Appendix. Extended Discussion of Key Questions
for Al-Augmented Peer Review

Question 1. Should the journal’s Al reviewer be made publicly

available to authors before submission?
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When discussing the availability of the AI reviewer, it is
important to distinguish between the tool itself and the
prompt as the trade-offs associated with availability of the
two differ.

e Case for public access to the tool and the prompt. Mak-
ing the Al reviewer and its prompt accessible presubmission
could enhance transparency and reproducibility. Authors
could use the tool to self-improve manuscripts before formal
submission, raising average submission quality.

e Case for private access to the tool and the prompt. Public
access to the tool creates an incentive for authors to iteratively
optimize submissions, resulting in a potentially very costly
investment on the journal’s part. A public prompt could
reveal proprietary evaluation criteria, enabling gaming across
submitted papers in the form of strategic compliance without
substantive improvement (see also Question 6 for further
comments on this issue).

e Our view. Our analysis incorporates a weak preference
for restricting presubmission access to the tool and the
prompt; the version eventually submitted to the journal is
frozen, and postsubmission authors can only provide an
explanatory response to issues raised by the journal’s Al
reviewer. That said, this is ultimately a journal-specific design
choice with trade-offs between openness and gaming risk
(see Question 6). Journals that do grant presubmission access
could mitigate gaming by varying prompts and criteria of the
Al review over time.

Question 2. Are Al and human review tasks strictly separated?

e Case for strict separation. A clean division—with Al
evaluating dimensions X (such as writing, clarity, and meth-
odology) and humans evaluating dimensions Y (such as nov-
elty and contribution)—would simplify workflow design and
could reduce correlation between Al and human signals,
strengthening the informational gain from adding Al

e Case for flexible overlap. Strict separation is not practical
because many review dimensions are intertwined (e.g.,
clarity affects assessment of contribution), and prohibiting
humans from evaluating Al-covered dimensions would arti-
ficially constrain expert judgment. Furthermore, as Al capa-
bilities evolve, a rigid partition would require constant
revision of task division.

e Our view. The division is one of emphasis, not exclu-
sion. Al should handle a vetted subset of checks (e.g., meth-
odological completeness, clarity, and reporting standards—
which should be journal-specific design choices based on
experimentation) (see Section 3.5), letting human reviewers
focus on checks where human judgment is essential, such as
contribution, novelty, and impact. This allocation should
evolve dynamically with the capabilities and limitations of
new generations of models. Al can expedite human reviewers’
work even when overlap between Al and human assessments
is high; when authors acknowledge and address Al-raised
concerns in the response memo, reviewers can move through
those points faster, reducing turnaround time even if the infor-
mational precision gain is modest.

Question 3. Will human reviewers not revert to using their own
private Al tools regardless?

e Case that private Al use will persist. Reviewers may
find it convenient to use their own Al tools for tasks outside
the journal’s criteria for Al review or simply out of habit.

Busy reviewers may also turn to private Al tools to address
dimensions that the journal-provided AI does not cover.
There is no way to fully prevent this behavior.

e Case that governed Al reduces the incentive. A well-
designed, journal-specific Al reviewer substantially reduces the
marginal value of external tools. If the journal’s Al has already
performed a thorough structured assessment on the dimen-
sions that it is trusted to evaluate, there is little for an individual
reviewer’s generic LLM to add on those dimensions.

e Our view. This concern motivates efforts to inject Al into
the peer review process—but under a supervised controlled
manner. Under the status quo, reviewers already use private
Al tools in an uncoordinated, unobservable manner—the
“shadow AI” problem (Section 3.4). Although we cannot
completely eliminate shadow Al, a governed AI workflow
reduces the incentive for it and crucially, makes the journal’s
own Al use transparent and measurable. Reviewers still need
to signal review quality to the DE through meaningful
human input where it matters most as reflected in the depth
of their judgments on dimensions such as novelty and contri-
bution. The best that the journal can do is decrease the vari-
ance that comes from shadow Al; our framework aims to
achieve this by making one Al signal explicit and auditable.

Question 4. Could reviewers become complacent or overreliant
on the Al assessment?

e Case that complacency is a real risk. If reviewers see an
Al report covering certain dimensions, they may assume
that those dimensions are “handled” and reduce their own
scrutiny—particularly under time pressure. Recent evidence
on algorithmic conformity reinforces this concern. Liel and
Zalmanson (2025) demonstrate that humans frequently
adopt erroneous Al recommendations, even on tasks that
they can perform perfectly without support. Critically, they
identify normative pressure—discomfort at disagreeing with
an institutionally legitimated algorithm—as a distinct mech-
anism beyond mere confidence in Al or a desire to reduce
effort. A journal-provided AI review carries precisely this
kind of institutional legitimacy, potentially amplifying con-
formity effects. This could degrade overall review quality
even as Al improves, and it may also contribute to the
homogenization of reviews (see Question 8).

o Case that Al increases accountability. Reviewers already
vary in diligence under the status quo. A structured Al report
may actually increase accountability by creating a documen-
ted baseline against which reviewer effort can be compared.
Reviewers who neglect dimensions covered by the Al can be
identified through holdout comparisons. Moreover, Liel and
Zalmanson (2025) find that algorithmic conformity decreases
when participants perceive their decisions’ real-life impact as
high, and publication decisions are among the highest-stakes
judgments in academic life, which may partially protect
against complacency. Reputational consequences for reviewers
further reinforce independent judgment.

e Our view. We do not know the answer to this question
with certainty; it requires empirical investigation—especially
for long-term “learning to get lazy” effects (versus the narrow
short-term effects measured in recent papers). The workflow
addresses the risk through design: constrain Al to auditable
dimensions, provide explicit reviewer guidance emphasizing
dimensions outside the criteria of Al review, and use ran-
domized holdout designs (where some reviewers do not see
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the Al report) to measure whether anchoring occurs. The key
insight from our model is that even if some complacency
arises, it may be observable under our framework (reviewer
error correlation may be estimable), whereas under shadow
Al it is not.

Question 5. Might reviewers overcorrect by shifting their stan-
dards upward in response to Al flags?

e Case that overcorrection could occur. If Al consistently
flags certain issues (e.g., missing robustness checks), reviewers
may internalize higher thresholds on those dimensions—
potentially increasing false negatives and rejecting otherwise
publishable work.

e Case that higher standards reflect better-informed
reviewing. Higher standards on flagged dimensions may sim-
ply reflect more informed reviewing. If Al helps reviewers
notice genuine issues that they would otherwise miss, the
“correction” is appropriate, not excessive. Moreover, surfac-
ing problems earlier in the process leads to faster, more
informed editorial decisions—particularly for papers that
would ultimately be rejected anyway. A quicker path to rejec-
tion benefits both the journal (reduced reviewer burden) and
the authors (who can revise and resubmit elsewhere sooner).

e Our view. The distinction between appropriate recalibra-
tion and harmful overcorrection is empirical. Journals should
monitor decision shifts under AI exposure by comparing
acceptance rates and rejection reasons across Al-exposed and
holdout conditions. Tracking downstream signals—citation
rates and replication outcomes—can help detect whether stan-
dards are drifting beyond the journal’s intended bar. This is
precisely the kind of operational learning that a governed Al
framework, such as the one proposed in this work, enables
through its measurement infrastructure (Section 3.5).

Question 6. Will authors not game the Al reviewer by strategi-
cally preoptimizing their submissions?

e Case that gaming is a serious risk. If authors anticipate
the criteria of the AI review, they can preoptimize for
compliance—surface-level fixes that satisfy automated checks
without substantive improvement. Baumann et al. (2026)
show that prompting an LLM to rewrite a paper can raise Al
review scores through style rather than scientific substance.
This is especially concerning if the Al reviewer is made pub-
licly available (see Question 1).

e Case that gaming is bounded or even beneficial. If
“gaming” means that authors genuinely improve clarity,
completeness of reporting, and methodological rigor to sat-
isfy the criteria of the Al review, this is a feature, not a bug.
The AI review targets exactly the improvements that one
would want.

e Our view. Gaming is a real concern, but its severity
depends on implementation. Because the Al review is nonf-
inal and because human reviewers make the ultimate judg-
ment, strategic compliance with the Al review criteria alone
cannot guarantee acceptance. Mitigations include limiting
response length, varying prompts and criteria over time, and
monitoring abnormal divergence between Al comments and
eventual human reviewer assessments. The deeper question—
whether authors and reviewers will change behavior strategi-
cally in response—is inherently an empirical one that must be
investigated through pilot implementations.

Question 7. Does the author response to the Al review create an
excessive burden without commensurate quality gains?

e Case that the burden may be excessive. Requiring
authors to respond to Al-generated feedback adds a new step
to an already demanding submission process. If the Al feed-
back is generic or addresses minor issues, the response effort
may not translate into meaningful manuscript improvement.

e Case that early feedback saves time overall. The
response document is intended as a lightweight, structured
reply—not a full revision. It creates a correction loop that can
catch clear issues early, potentially saving months of review
time. Authors already write response documents to human
reviewers; this simply shifts some of that effort earlier. More-
over, because this step will occur within a short time window
after submission, it will be less taxing (and possibly even
exciting) for authors to provide clarifications on their submit-
ted version.

e Our view. Journals should track revision cycles and
author time to resubmit to ensure that the process remains
efficient. If Al-identified issues do not predict editorial out-
comes, the prompt should be adjusted accordingly. In cases
where the AI’s developmental feedback has limited treat-
ment effect on manuscript quality, the Al review can still
serve a valuable triage and screening function—enabling fas-
ter desk rejections for clearly inappropriate submissions and
freeing human reviewer effort for papers that merit full
evaluation.

Question 8. Could AI homogenize reviews, screening out novel
or risky contributions in favor of safe, incremental work?

o Case that homogenization is a risk. LLMs can exhibit
homogenizing tendencies (Doshi and Hauser 2024, Kumar
et al. 2025, Baumann et al. 2026). Without deliberate design
choices, Al systems may disproportionately flag unconven-
tional work—unusual methodologies, provocative framing,
and interdisciplinary approaches—while rewarding formu-
laic contributions that fit standard templates.

o Case that homogenization is less of a risk. This risk may
be more limited than it first appears. Al reviewers are used as
supporting tools rather than as decision makers. Their role is
to provide feedback in a more consistent and systematic way,
whereas the assessment of novelty, risk, and breakthrough
potential continues to be the job of the human reviewer who
receives the Al feedback.

e Our view. Homogenization is best treated as an empiri-
cal, journal-specific question that depends critically on the
design of the reviewing process, especially the structure of
human-AI collaboration (Boussioux et al. 2024). This is pre-
cisely why a randomized experiment is valuable. It allows a
journal to test whether AI affects reviewers’ judgment and
recommendations of papers that appear novel. We expect
that if used carefully, Al review may create room for human
reviewers to recognize breakthrough contributions.

Question 9. Does the proposed workflow benefit only marginal-
quality submissions, or does it help across the quality spectrum?

e Case that benefits are concentrated at the margins.
The model’s accuracy gains are most pronounced near the
accept/reject threshold, where the additional Al signal shar-
pens the editorial decision. For very-high-quality or very-
low-quality papers, the decision is often clear regardless of
Al input.

o Case that benefits span the full distribution. Benefits
extend across the full distribution, although through different
channels. Low-quality papers benefit from faster, more
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informative desk rejections. High-quality papers benefit from
reduced turnaround time as reviewer burden decreases.

e Our view. The benefits span the full-quality distribution
but operate through different mechanisms. For low-quality or
inappropriate submissions—and a substantial fraction of sub-
missions fall in this category—AlI screening enables faster feed-
back, reducing wasted reviewer time. In the model, midrange
papers see the largest accuracy gains. For high-quality papers,
the primary benefit is faster turnaround; reduced reviewer
burden translates directly into shorter response times.

Endnotes
1 See https: //ape.socialcatalystlab.org/.

2 Although some journals involve an associate editor, we omit this
for simplicity.

3 We recognize that there are alternative ways to define the “scope”
of Al review (including what tasks are delegated to the Al reviewer,
whether all human reviewers get the Al review or only a subset do,
and how Al and human review are sequenced). There is a need for
both careful design and experimentation to evaluate each variation
and choose between them. For instance, withholding the Al review
from one of the m reviewers removes that reviewer’s shared &’
component, lowering the induced correlation p,,; and the nondi-
versifiable error floor, at the cost of forgoing the Al-assisted time-
effect gain 7* for that reviewer—a direct trade-off between reviewer
effort/time and correlated error that the present model can repre-
sent and that merits dedicated analysis.

#Recent evidence from International Conference on Learning
Representations (ICLR) 2025 submissions (Sahu et al. 2025) suggests
that Al reviewers may approximate human accept/reject decisions
while still lagging on certain judgments, such as novelty and theo-
retical contribution. This performance boundary across different
tasks is likely to shift as model capabilities evolve.

5 This is a modeling abstraction, not a literal description of how
reviewers integrate information; the convex combination captures
the key feature that exposure to the Al review shifts the reviewer’s
report toward the Al signal.

8In a full-structural model, 4 would depend on t, 0z, and an
author response variable X: TA(t,07,X).

7 For an extended discussion, see the appendix.
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