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Abstract

How should academic journals adapt as Al reshapes research? We develop a general equi-
librium model where AI affects research through three channels: reducing production costs,
improving paper quality, and lowering review costs. A social planner sets capacity and sub-
mission fees. Without policy adjustment, quality compression from AI floods the system with
competitive submissions and welfare collapses at moderate Al levels. With optimal fees, welfare
rises monotonically. Optimal fees follow a U-shaped pattern: initially rising as quality com-
pression expands participation, declining as review costs fall, then rising sharply as Al quality
augmentation compresses the quality distribution. Optimal capacity rises 52% as Al-enhanced
quality raises the social value of each publication slot. Even if Al referees reduce review costs to

zero, fees remain positive at every Al level for congestion screening and prestige stabilization.
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Introduction

The proliferation of advanced Artificial Intelligence (Al), particularly Large Language Mod-
els (LLMs), is reshaping academic research. Al tools assist at every stage, from literature
reviews to manuscript drafting and data analysis. Generative Al increases worker perfor-
mance (Brynjolfsson, Li, and Raymond 2025), and scholars who adopt it raise their pro-
ductivity (Kusumegi, Yang, Ginsparg, de Vaan, et al. 2025b). These advances also pressure
top-tier journals to adapt their publication capacity.

AT presents a dual impact. On one hand, AI streamlines editorial and peer-review pro-
cesses, lowering the real cost of publishing and giving journals a direct incentive to expand
capacity. On the other hand, it reduces research production costs for scholars, threaten-
ing to increase submissions to a degree that could overwhelm even a more efficient system.
The interaction between these forces determines optimal journal policy, including both ca-
pacity and submission fees, through general equilibrium channels that go beyond standard
externality-correction logic.

Three scenarios illustrate how policy and technology interact. First, if journals do not
adjust fees as Al improves, submissions flood the system (rising 4.8-fold when fees are re-
moved at current Al levels), acceptance rates drop below 2%, and welfare peaks at moderate
Al capability before collapsing as quality compression overwhelms the system. The con-
gestion externality operates through participation composition, review costs, and prestige
feedback: at current AT levels, the per-submission review cost (approximately $810) exceeds
the optimal fee ($420), so the fee does not fully internalize review costs and instead serves
as a congestion screening and prestige stabilization instrument. Second, if Al referees re-
duce review costs to zero, fees are still needed for screening and prestige stabilization; the
U-shaped fee pattern persists and converges to the same level at high Al capability as the
baseline. Third, if journals set optimal fees, the fee follows a U-shaped trajectory: rising
initially as quality compression expands the participant pool, declining as review costs fall,

then rising sharply as Al quality augmentation compresses the quality distribution and floods



submissions. Welfare increases monotonically under fee adjustment.

Scholars choose research effort and AI adoption intensity, facing heterogeneous costs for
AT use. Research output depends on human effort and AI use. Al also provides ambient
quality augmentation: as Al technology improves, every scholar’s effective paper quality
rises (better writing, analysis, and methodology), compressing the quality distribution. A
publication’s value to a researcher is convex in the journal’s average published quality, so
prestige feeds back into submission incentives with super-linear gain. This convexity captures
both the incentive to publish in higher-quality outlets and the instability that arises when
this feedback is unpriced. A social planner chooses publication capacity and per-submission
fees to maximize social welfare.

Social welfare equals the societal benefits from published research, net of total publication
and reviewing costs. It counts both the quantity and quality of published papers; benefits
depend on total published quality (capacity times average quality), and review costs fall
as Al improves. Optimal journal capacity hinges on how these model elements interact:
while improving Al lowers production costs for scholars and review costs for journals, the
optimal response is shaped by how much authors prefer prestigious journals, how society
values research quality, and how capacity expansion affects equilibrium quality standards.
Optimal capacity has no closed form; we compute it numerically. Welfare counts only the
incremental production cost of top-tier participation relative to what scholars would produce
at a lower-tier outlet. The sign of this increment is endogenous: negative with fees (top-
tier participants concentrate into fewer papers) and positive without them (marginal scholars
flood in). The planner’s welfare function excludes the utility researchers derive from prestige,
to avoid double-counting private submission incentives.

Three empirical facts from Kusumegi, Yang, Ginsparg, de Vaan, et al. (2025b) motivate
the model: (1) adoption diffuses quickly and output concentrates among adopters (48% of
authors account for 72% of output by June 2024); (2) difference-in-differences and event-

study estimates around adoption yield a calibrated productivity jump of 0.18 papers per



month (rising thereafter); and (3) LLM-assisted papers are less likely to clear a screening
proxy (publication status), with a larger penalty for more complex papers. These facts
ground three ingredients of the model: heterogeneous adoption, the magnitude of the Al
productivity shift, and the finding that quantity rises faster than evaluative signals.

In the calibrated model, optimal capacity rises 52% as Al capability increases, reflecting
the growing social value of Al-enhanced research quality. Optimal fees follow a U-shaped
pattern: rising from $350 to $460 as AI begins to compress quality differences, declining to
$370 as review costs fall, then rising sharply to $1,050 as quality compression dominates at
high AT levels. Without fees at current Al levels, submissions rise from 1,370 to 6,610, and
the vast majority of high-quality work is rejected.

Al is welfare-improving under fee adjustment only if production costs for rejected papers
represent social waste. For prestige journals, where scholars compete for a scarce signal rather
than dissemination, this interpretation is appropriate: effort on rejected papers constitutes
rent-seeking in a tournament, analogous to wasteful competition in other status markets. In
this setting, the fee’s role is closer to a mechanism-design instrument that stabilizes a convex
prestige feedback loop than to a textbook Pigouvian tax on a single externality margin. The
model is static and abstracts from dynamic effects such as changes in research quality or

norms over time.

1 Literature Review

This paper draws on three strands of literature: the economics of academic publishing, the
impact of artificial intelligence on the research process, and empirical work on Al-driven

productivity gains and the operational realities of top-tier journals.



1.1 Economics of Academic Publishing

A large literature treats journals as capacity-constrained institutions that ration scarce ed-
itorial and referee attention. Economics publishing has slowed and standards have risen
over time, with longer papers and more polishing and revision (Ellison 2002b, 2002a). The
profession’s incentives amplify these bottlenecks: top-journal placements dominate career
rewards (Heckman and Moktan 2020) and shape where authors submit and how editors al-
locate attention (Card and DellaVigna 2013). Status competition and tournament models
capture this pattern: small differences in publication outcomes generate large payoft differ-
ences (Rosen 1981; Lazear and Rosen 1981).

A complementary strand studies the “market design” of publishing (fees, turnaround
times, and access/pricing). Submission fees and editorial speed interact with authors’ sub-
mission decisions and journals’ congestion (Cotton 2013; Leslie 2005). Cotton (2013) ana-
lyzes fees in a partial equilibrium setting where prestige is exogenous and the fee corrects
a standard congestion externality; here, prestige feedback is endogenous (¢ > 1), the out-
side option makes the sign of incremental production costs endogenous, and a per-paper fee
operates on both intensive and extensive margins. Broader work analyzes journal pricing
and open-access incentives (Jeon and Rochet 2010; McCabe and Snyder 2005; Bergstrom
2001). Work on review design and screening highlights how evaluation rules can change
selection and perceived fairness (Blank 1991) and how adding gatekeepers affects selection
outcomes (Koren 2024). Slow review can be privately rational yet socially costly, motivat-
ing policy levers that operate through capacity, processing costs, and screening (Hadavand,
Hamermesh, and Wilson 2024). Journal capacity, fees, and acceptance standards are all

endogenous here.

1.2 AI and Research Productivity

A fast-growing empirical literature finds that generative Al can raise productivity in knowl-

edge work, often with heterogeneous effects across workers and tasks. Kusumegi, Yang,



Ginsparg, de Vaan, et al. (2025b) document that researchers who adopt LLMs for manuscript
drafting then increase their paper output relative to comparable non-adopters. Novy-Marx
and Velikov (2026) demonstrate an automated process for generating complete academic
finance papers. In a controlled setting, access to ChatGPT increases speed and improves
output quality for writing tasks (Noy and Zhang 2023). In a large field setting, providing a
generative-Al assistant boosts performance, with gains concentrated among less experienced
workers (Brynjolfsson, Li, and Raymond 2025). Evidence from creative work similarly high-
lights that how humans collaborate with LLMs matters for output (Chen and Chan 2024),
and complementary work studies the conditions under which human—Al teaming helps or
harms performance (Wang, Gao, and Agarwal 2024).

A parallel literature studies distributional effects: who benefits, and who is displaced.
Recent evidence documents that exposure to generative Al reshapes task demand and can
differentially affect lower- versus higher-skill workers (Demirci, Hannane, and Zhu 2025), con-
sistent with task-based views where automation and augmentation coexist. Related evidence
on Al decision support shows productivity gains accruing disproportionately to lower-skill
workers in some settings (Kanazawa et al. 2025). These heterogeneous effects matter for
academic publishing because they translate into changes in who can produce papers faster,
and how much “polish” versus “substance” Al can cheaply supply.

At the macro level, task-based models discipline claims about AI’s aggregate effects and
emphasize the importance of complementarity, reallocation, and the pace of adoption (Ace-
moglu 2024). In the same spirit, recent work studies how AI changes the organization of
knowledge production and incentives in the “knowledge economy” (Ide and Talamas 2025),
connecting to classic theories of knowledge organization and specialization (Garicano 2000;
Garicano and Rossi-Hansberg 2004). Methodologically, economists’ growing ability to ex-
tract structure from unstructured data, including text, also lowers the cost of producing
publishable research inputs (Dell 2025).

Finally, early macro-evidence suggests that LLMs may already be shifting the volume



(and potentially the style) of scientific output, with implications for screening, review, and
credibility (Kusumegi, Yang, Ginsparg, de Vaan, et al. 2025b). Within finance specifically,
work argues that Al tools can accelerate parts of the research pipeline and alter what “doing
finance research” looks like (Novy-Marx and Velikov 2026). As Al reduces the marginal
cost of producing submissions on dimensions tied to writing, presentation, and exploratory
analysis, journals should respond by adjusting capacity, standards, and fees, with welfare

consequences that depend on which policy instruments are available.

1.3 Broader Context and Related Work

A growing working-paper literature applies LLMs directly to prediction, interpretation, and
corporate/market outcomes (Lopez-Lira and Tang 2023; Ko and Lee 2023; J. Chen et
al. 2023; S. Chen et al. 2024; Jha et al. 2025; Degen et al. 2024; Engelberg et al. 2025), and to
related empirical building blocks such as peer-firm identification (Cao et al. 2025). Beyond
output, scholars analyze how Al changes the research process and the institutions around
it, including Al-assisted peer review and editorial decision-making (Checco et al. 2021), the
broader use of Al across research workflows (Chubb, Cowling, and Reed 2022; Butson and
and Spronken-Smith 2024; Khalifa and Albadawy 2024), and concerns about reproducibility
and verification capacity (Fisar et al. 2024). Finally, publishing institutions can influence
inclusion as well as impact, suggesting that journal responses to Al may have composition
effects within the profession (Bansak et al. 2024). Journal policy is an equilibrium institu-
tional response to Al-driven shifts in submission volume, review costs, and the quality—polish
tradeoff. The present model differs from existing work on journal fees and capacity in two
ways. First, fees are embedded in a general equilibrium framework where convex prestige
creates self-reinforcing entry dynamics. Second, the planner’s two instruments (capacity and
per-paper fees) interact through the equilibrium quality cutoff and participation margin, so
the optimal fee reflects congestion and prestige-feedback externalities, not only the direct

review cost.



2 Economic Environment

2.1 Agents, Quality, and Inputs

A continuum of scholars populates the economy, each defined by the pair (g, k), representing
intrinsic research quality ¢ and private cost of Al adoption k. Types are drawn from a
compact support, ¢ € [qr,qy] and k € [k, kg, with 0 < ¢, < qy and 0 < k;, < ky. The
population distribution is described by a continuous density f(q, k) with [[ f(q, k) dgdk =
1 (unit mass of scholars). Quality and Al cost are independently distributed: f(q,k) =
fa(@) fe(k), with marginal densities continuous and bounded above and below by positive

constants. Fach scholar chooses human effort e > 0 and Al adoption intensity A > 0.

2.2 Parameter Restrictions

The following parameter restrictions ensure well-defined optimization and a clear economic
interpretation. The production function has diminishing returns with exponent § = 1/2.
Utility is concave in quality and acceptances, with @ = 1/2 governing the elasticity with
respect to paper quality and f = 1/2 governing the elasticity with respect to expected
acceptances. With @ = 8 = 1/2, the benefit term is V'\/npges, the geometric mean of
expected acceptances and effective paper quality (Section 3.2). Effort has marginal cost
parameter ¢ > 0, Al productivity is v > 0, the baseline entry cost is FP®¢ > 0, and
the per-submission fee is 7 > 0. Journal prestige is scaled by V{, > 0 and has elasticity
¢ > 0 with respect to average published quality. The outside option (lower-tier journals) is
characterized by a single composite Qo = Viewr/Plow, Where Vig,, > 0 is lower-tier prestige
and prow € (0,1) is lower-tier acceptance probability, both exogenous. With 5 = 1/2 and
Tiow = 0, this composite is the only combination of lower-tier parameters that enters the
model (Section 3.2.3). Noise enters through two sufficient statistics: the total noise scale o7 =
\/W , where o, > 0 is within-paper quality variation and o. > 0 is evaluation noise,

and the signal share s = ¢2/02% € (0, 1), which determines the magnitude of the selection



premium. In the social welfare objective, n > 0 scales the social value of published quality
and £ € (0,1) captures diminishing returns to total quality. The Al quality augmentation
parameter w > 0 governs the strength of quality improvement from Al (Equation 2). Review
costs use baseline level 1y > 0 and Al elasticity § > 0, while capacity costs include a weakly

linear component £ > 0 and a strictly convex component ) > 0.

2.3 Production and Evaluation

A scholar chooses inputs to produce a number of papers, n:
n = (e—i—)ry)e, 0=1. (1)

Al technology also augments the quality of each paper. The scholar’s intrinsic quality ¢
reflects persistent ability (training, domain expertise, methodological skill), and Al tools
provide an ambient quality enhancement that improves writing, analysis, and methodology.

The effective quality of a scholar of type ¢ is:

Ge(q,7) = q+a(y),  a(y) =waqmlog(l+7), (2)

where w > 0 governs the strength of Al quality augmentation and ¢y is the upper bound of
the intrinsic quality distribution. The quality enhancement a(7) is concave in 7 (diminishing
returns to Al capability), unbounded (allowing Al to eventually surpass human quality), and
satisfies a(0) = 0 (no AI, no enhancement). The enhancement is ambient: it depends on
the state of Al technology 7, not on the scholar’s individual Al adoption intensity A or
cost k. The ambient specification reflects the rapid diffusion of quality-improving tools
(grammar checkers, writing assistants, analytical software) that become standard practice
at each technology level, in contrast to production-oriented Al workflows that require active
investment.

Each paper also receives an independent idea draw u ~ N(0,02) that captures within-



scholar, paper-specific quality variation: even a scholar of fixed ability produces some papers

with better ideas than others. The true quality of a paper is therefore:

Qtrue = Qef + U = q + a(’7> + u. (3)

The scholar produces n papers, all sharing the same effective quality g.¢ but each with an
independent draw of w. The production function exhibits diminishing returns to inputs
(0 = 1/2): doubling effort and AT usage less than doubles the number of papers produced.
Higher AI productivity 7 allows scholars to produce more papers for a given level of effort
and raises the quality of each paper produced.

The editor observes a noisy signal of each paper’s true quality. The observed quality is:
Gobs = Qtrue T € = Qeff U + €, (4)

where ¢ ~ N(0,02) is evaluation noise, independent of u, representing the stochasticity
inherent in peer review (referee taste, editorial judgment, measurement error). Because
both u and € are normal and independent, the total noise in observed quality relative to the
effective baseline is u + & ~ N(0,02) with o7 = /02 + 02. Each of a scholar’s n papers is

evaluated independently, with independent draws of both u and e for each paper.

3 Journal Policy and Scholar’s Problem

A joint equilibrium between scholars’ optimization and the journal’s market clearing defines

the model.

3.1 Journal Policy and Acceptance Probability

The journal sets a fixed capacity, C, representing the total number of papers it can publish.

Each paper, regardless of its quality ¢, consumes one unit of capacity. The editor observes

10



the realized quality q.ns of all submitted papers and ranks them. Papers are accepted from
the top of the ranking downwards until the total number of accepted papers fills the capacity
C'. This process defines an endogenous quality cutoff, g..., which is the observed quality of
the marginal accepted paper.

A paper with effective quality g.¢ is accepted if its observed quality exceeds the cutoff,
Qobs = Geff + U + € > Geut- Because u + ¢ ~ N(0,0%), the acceptance probability per paper
is:!

Geff — Geu
p(Qeffa QCut) = Pr(Qeff +u-+e Z QCut) == é(%) s (5)
T

where ®(-) is the standard normal CDF and o7 = /02 + 02 is the total noise scale. The
acceptance probability is a probit function of the quality gap (gef — Geut), With o governing
the steepness: smaller o makes acceptance more sharply determined by quality, while larger
or increases the role of noise. The probit specification follows from the normal distributions
of u and ¢.

Letting z = (Goff — Geut) /07, the derivatives are:

dp  ¢(2) dp _ ¢(2) (6)

a(]eff B or 7 aqcut B or

where ¢(+) is the standard normal PDF. Henceforth we suppress the noise parameters in
the acceptance probability notation, writing p(ge, ¢eus) instead of p(qefr, Geut; 1), as they are

held fixed throughout the analysis.

3.2 Scholar’s Optimization Problem

A scholar’s private benefit from publication depends on the journal’s overall prestige, a
function of the average quality of accepted papers, gpub, not the cutoff. Prestige depends on

average published quality rather than the cutoff, so scholars compete on expected quality

1. Because there is a continuum of agents, the law of large numbers implies that this individual probability
is also the exact fraction of papers with effective quality geg that are accepted. There is no aggregate
uncertainty in the model.

11



rather than on beating a threshold. The prestige function is given by V(gyu,) = Vocjgub with
Vo > 0 fixed.

Each scholar of type (¢, k) chooses inputs (e, A) to produce n papers that maximize their
expected utility. The scholar takes the prestige part of the reward, V'(-), as given, determined
by the market-wide average quality of published papers, not the cutoff they are trying to

beat.

Cc

U(€7 )‘a q, ka Geut, QPub) = yvn: p(Qfov qcut) : V(qub) A et — 562 — kA — F(l)aase —T-N, (7)

where n = (e+\vy)? and gor = ¢+a(7y). With a = 3 = 1/2, the benefit term has a geometric-
mean interpretation: \/np-V - \/gegr = V - \/npges, so the scholar’s reward is proportional to
the geometric mean of expected acceptances and effective paper quality, scaled by prestige.
The scholar produces n papers, each with effective quality g.q. Each paper has acceptance
probability p(qesr, deut) = P((geft — Geus)/07), Which averages over both the idea draw u and
evaluation noise . The expected number of accepted papers is n-p(gefr, ¢eus). The square-root
elasticities capture diminishing returns: doubling expected acceptances or doubling quality
each raises the benefit by a factor of v/2, not 2.

The cost structure has two components beyond production costs. The baseline entry cost
F(')Dase > 0 represents structural participation costs (time to format submissions, opportunity
cost of academic engagement) that cannot be changed by policy. The per-submission fee
7 > 0 is charged for each paper submitted, so a scholar producing n papers pays total
fees 7 - m. This per-paper structure matches journal practice, where fees are assessed per
submission rather than as a lump-sum entry charge. The fee enters the scholar’s first-order
condition, raising the effective marginal cost of each additional paper. This creates an
intensive margin response (fewer papers per scholar) in addition to the extensive margin
(fewer participating scholars). Together, FP*° and 7 create a participation margin even

when p(gefr, geut) > 0 for all scholars.
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Because each scholar’s n has negligible effect on market-wide G,up,, the agent’s problem
is well-behaved: scholars react to the cutoff g.,; via the probability of acceptance, but not
via the value of the prize itself.

The solution to this problem yields an optimal number of papers n*(q, k, geut, Gpub) for

each type.

3.2.1 Cost Minimization

The scholar’s two-dimensional choice of (e, \) separates into two steps. First, for any
given target number of papers n, the scholar chooses inputs to minimize the private cost,
C(e, A; k) = £e? + kA, subject to the production constraint (e +~\)? = n and non-negativity
constraints e > 0, A > 0.

With the constraint e + yA = n'/?, the cost can be rewritten as:

min —e? + kA= min e’ + k (nl/e —e). (8)

0<e<nl/0 2 0<e<nl/ 2 ¥

The first-order condition gives e* = k/(c7y), which defines the Al-adoption threshold:

nA(k) = (’“ )9. 9)

oy

The resulting minimum cost C(n; k) is C, strictly convex in n, and independent of quality g.

The piecewise cost function, its derivatives, and continuity verification are in Appendix A.1.

3.2.2 Utility Maximization and the Submission Decision

The scholar’s problem simplifies to choosing a single variable, n, to maximize:

U(n; ¢, k, Geuts Goub) = V10 D(Geft, Geus) * V (@oup) - Vet — C(n3 k) — Fg™* —7-n. (10)

13



The candidate for an interior solution, n* > 0, is characterized by the first-order condition

where marginal benefit equals marginal cost:

dC(n; k)

1 Vi) = W 11
~ ~~ 4 ——

Marginal Benefit of Producing One More Paper Marginal Production Cost + Fee

1 \/p(qeff, eut) * Qoft

The left-hand side is the marginal benefit of producing one more paper. Because marginal

1/2 it is decreasing in n. The right-hand side is the effective

benefit is proportional to n~
marginal cost: the production cost C'(n; k), which is increasing in n due to convexity, plus
the per-submission fee 7. The fee shifts the marginal cost curve upward by a constant,
reducing optimal output for every scholar type. Together, these conditions ensure a unique

interior maximum n* when it exists. The scholar takes the acceptance probability p(gefr, geut ),

prestige V(Gpub), and effective quality geg as given; none varies with the choice of n.

3.2.3 The Outside Option and Journal Tiers

The model’s participation decision represents an allocation choice, not a production decision.
Scholars produce papers regardless of any single journal, as research is their job. The question
is which tier of journal to target with their output. A lower-tier journal provides an explicit
outside option.

A scholar of type (g, k) who targets the lower tier solves an optimization problem with
the same structure as the top-tier problem but with exogenous parameters replacing the
endogenous equilibrium objects. The lower-tier journal has prestige Vi, acceptance prob-
ability piow, and per-submission fee 7.y, all exogenous. The scholar’s lower-tier utility as a

function of paper production n is:

Ulow<n; q, k) =V n - Plow * Viow RV Geff — C(”) k) - Fé)ase — Tow * 1. (12)

The outside option uses the same effective quality g = ¢+ a(7y) as the top tier: Al improves

14



paper quality regardless of which journal the scholar targets. The optimized outside option
is:

Uiow (¢, k) = max Usow(n; ¢, k). (13)

With § = 1/2 and 7oy, = 0, the lower-tier benefit Vigy/7 * Plow * /et depends on (Vigw, Plow)
only through Qo = View/Plow: the benefit is Qo +/nger. The composite €, is therefore

the single sufficient statistic for the outside option, and the individual components Vi, and
Plow are not separately identified (closed forms in Appendix A.2).

The parameters Vigw, Pow, and 7o, are exogenous, representing the lower-tier publishing
landscape. Vio, < Vi (prestige hierarchy) and 7, = 0 (lower-tier journals rarely charge
submission fees). Because these parameters do not depend on the focal journal’s equilibrium,
Ut (g, k) is a function of (¢, k) alone. Because a(vy) enters both tiers symmetrically, the
quality enhancement does not change the relative attractiveness of tiers for a given scholar
type; instead it raises the absolute quality level at both tiers, affecting the equilibrium
through the acceptance probability and quality consistency conditions.

The scholar submits to the focal (top-tier) journal if and only if the optimized top-tier

utility exceeds the optimized lower-tier utility:

U*(q, k; Geut, Goun, T) = Uit (q, k), (14)

where U*(q, k; qeuts Goub, 7) = U(n*; ¢, k, @eut, Gpub) 18 the maximized top-tier utility. This

defines the participation set:

P(QCutvqpubaT) = {(q7k) | U*(Q7 k;QCutvqpubuT) Z UIZW(Q7 k)} (15)

The per-submission fee screens through two channels: it excludes marginal types from partic-
ipating (extensive margin) and reduces the number of papers produced by each active scholar

(intensive margin, via dn*/dr < 0; see Appendix A.6). The per-paper structure gives the
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planner a two-margin instrument that lump-sum entry fees lack. The outside option creates
an extensive margin for fees: without it, all scholars would participate regardless of fee level,

and fees could only reduce per-scholar output.

4 Market-Clearing Equilibrium

An equilibrium is a pair (¢}, @5,,) that clears the market for journal slots and satisfies
quality consistency.

The first condition, the capacity constraint, requires that total accepted papers fill the
journal’s capacity C. Let n**(q, k) = n*(q, k) for participating types (those in P) and n** = 0

otherwise; n** depends on the equilibrium cutoff and average quality.?

C = //( (G ks s> Goun) * P (Gest, @ous) - f(a, k) dq die. (16)
7) q:ut7q*

pub)

The journal’s capacity C' equals the total expected number of papers accepted: each type

(q, k) produces n** papers, and each paper is accepted with probability p(qes, ¢%y)-

4.1 Selection Premium and Quality Consistency

The second condition requires that average published quality is consistent with the selection
process. Because within-paper variation u is present, papers accepted from a pool with
effective quality geg are not a random sample: those with favorable idea draws (u > 0) are
more likely to clear the cutoff. This selection produces a premium in expected true quality
conditional on acceptance.

The expected true quality of an accepted paper with effective quality qeg is:

03 Geut — Yeff
E[Qtrue | Gobs > Geut QGH] = Qeff + — - h( . ) > (17)
or or

2. With the probit participation smoothing used in the calibration (Section 8), n** is replaced by a
continuous participation weight: n** = n* - ®((Uy,, — Uy, )/¢), where ¢ = 0.1 is a small preference-shock
scale.

16



where h(z) = ¢(z)/[1 — ®(z)] is the inverse Mills ratio. The selection premium is:

2 _ —
Al o) = 22 (B gy () (19

ar or

~

where s = 02 /02 is the signal share: the fraction of total evaluation variance attributable to
within-paper quality variation rather than review noise. The two noise parameters (o, 0.)
enter the model only through the sufficient statistics (o7, s), where or governs the steepness
of acceptance probabilities and s governs the selection premium magnitude. The derivation
and properties of this premium are in Appendix A.3.

The quality consistency condition incorporates the selection premium:

1
Toub = & // 0D (Gefts Qo)+ [Gerr + A(Getr, @e)] - [ (g, k) dg dk. (19)
P

The integrand weights each accepted paper by its expected true quality gesr + A(gefr, Geut ),
not its effective quality g.g¢ alone. The numerator is the total expected true quality of all
accepted papers, and the denominator is the total number of accepted papers. Together
these conditions define a system of two equations in two unknowns, (g%, @h.p)-

The equilibrium determines other quantities of interest. The total number of submitted

papers is

Nsubmit = //( n™ ((L k) qzuta Cj;;ub) f((L k) dq dk.
P(acusd;

qpub)

The average acceptance rate is then:

c C
NSmeit ffP(q;u“‘* ) TL**((], k» qz:kutv g;ub)f(Q7 k) dq dk ‘

qpub

—k

1) =

(20)
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5 Analytical Properties and Equilibrium Characteris-
tics

Strict concavity and continuity of supply ensure equilibrium existence and uniqueness.

5.1 The Scholar’s Optimal Choice

The first-order condition (Equation 11) identifies a unique interior maximum for n**. The
marginal benefit is %\/PCITH/H - V(@pup), which is strictly decreasing in n (proportional to
n~1/%). The effective marginal cost C'(n;k) + 7 is strictly increasing in n (since C is con-
vex) and bounded below by 7. Since marginal benefit is decreasing from +o0o and effective
marginal cost is increasing, there exists at most one interior solution n* satisfying the first-
order condition, and this solution is a global maximum when it exists.

The baseline entry cost Fp*°, per-submission fee 7, and the continuous acceptance prob-
ability p(gefr, geut) > 0 together determine whether the scholar participates (choosing n* > 0)
or sits out (choosing n** = 0). The submission fee 7 is a policy instrument set by the journal
(Section 10). Throughout, parameters and distributions are such that the participation set
P(Geuts Gpub, T) is non-empty and varies smoothly with equilibrium variables.?

The comparative statics have standard signs: dn*/dy > 0 (Al boosts output), dn*/dg > 0
(higher quality raises output), dn*/dk < 0 (higher costs reduce output), dn*/dr < 0 (fees
reduce output on both margins). The full IFT derivations are in Appendix A.6. The welfare

analysis below uses the fee result dn*/dr < 0.

5.2 Equilibrium Existence and Uniqueness

The equilibrium is a fixed point of the market-clearing system (Equations 16 and 19).

3. The second-order condition is automatically satisfied at any interior solution n* because marginal benefit
2
is decreasing and effective marginal cost is increasing. Specifically: % = —i(pqeﬂ)l/Qn_3/2 V-=C"(n;k) <0

since both terms are negative.
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Proposition 1 (Equilibrium Existence). An equilibrium exists at (v,C,T) if and only if

C S Cmax(,y’ ,7_)_

When C' > C™(, 1), even with zero selectivity (gen — —00), total willing submissions
fall short of capacity. The journal cannot fill its slots, so no equilibrium exists. Since C™** is
decreasing in 7 and increasing in -y, equilibrium fails at high fees with low Al productivity,
but succeeds when advanced Al generates sufficient surplus. The formal derivation of C™#*
and the IVT existence argument are in Appendix A.4.

The prestige feedback loop governs uniqueness: higher selectivity raises average quality,
which increases prestige, which stimulates submissions. Multiple equilibria are possible in
principle, but uniqueness holds when the direct effect of selectivity on acceptance proba-
bilities dominates the indirect prestige feedback. Appendix D provides sufficient conditions
based on monotonicity of the reduced supply function along the quality-consistency locus.
At the calibrated parameters (¢ = 1.25, § = 1/2, § = 1/2), the direct acceptance effect
dominates the prestige feedback, and the equilibrium is unique. The selection premium
A(Geft, geus) in the quality consistency condition is a mechanical consequence of within-paper
variation and truncation; it does not create an additional feedback loop, because A depends
only on (geff, Geut, 0w, o) and not on gun. The Jacobian structure verifies uniqueness analyt-
ically; numerically, solving from multiple initial conditions confirms convergence to the same
solution.

With convex prestige (¢ > 1), the feedback loop is amplified: a small increase in se-
lectivity raises average quality, which raises prestige more than proportionally, which stim-
ulates enough additional submissions to push selectivity even higher. Without fees, this
self-reinforcing cycle can make the equilibrium fragile or generate multiplicity. Fees dampen
the loop by weakening the submission response to prestige: each additional paper costs 7 in
fees, so the marginal scholar’s incentive to enter when prestige rises is attenuated. In the
uniqueness condition (Appendix D), this appears as the effective feedback elasticity declining

with 7, making the uniqueness condition easier to satisfy. The calibrated fee 7* = 3 is large
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enough to ensure robust uniqueness across the full range of «. This stabilization role distin-
guishes the fee from a textbook Pigouvian instrument. A standard corrective tax internalizes
a fixed marginal damage. Removing it leads to overproduction but does not destabilize the
equilibrium itself. Here, ¢ > 1 creates a feedback multiplier, and the fee breaks the loop by
raising the cost of the marginal submission that would trigger the cascade. The optimal fee
level therefore reflects both the direct review cost externality and the strength of the prestige
feedback.

The optimized lower-tier outside option U} (g, k) has three properties relevant to equi-
librium structure. The participation set P now depends on k (not just q), since Uy (g, k)
depends on k through the cost function C(nj,; k). The outside option helps uniqueness: any
equilibrium must have prestige V(q5,,) > Viow (otherwise no scholar would prefer the focal
journal), which implies ¢}, > (Viow/ Vo)#, eliminating low-quality equilibria. The partici-
pation set P shrinks monotonically in 7: by the envelope theorem, dU*/dr = —n* < 0 while
Uy, is independent of 7, so raising the fee strictly reduces the set of types that prefer the
focal journal.

Section 9 presents the numerical results.

6 Social Planner’s Problem

The social planner chooses journal capacity C' and submission fee 7 to maximize social
welfare. The journal, as a market actor, must rely on the noisy signal of paper quality, gops,
to select papers. The social planner’s objective, however, is based on expected true quality
Girue = q + u. Because accepted papers are selected on favorable u draws (the selection
premium), the social value of accepted research exceeds baseline quality.

The core of the planner’s problem is to evaluate the total expected true quality of pub-
lished research that results from a given policy (C,7). For each (C,7), the equilibrium

determines a pair (qi, @) To simplify notation, we define the equilibrium-dependent
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optimal choice:

n"(q,k | C,7) =1 (q.k, 46w (C.7), G (C 7)) (21)

The total published quality, Qpu,(C, 7), incorporates the selection premium:

Q@7 = [ 0k € bl i) [+ e g2)] - Fla. ) dgdl = C- o,

P(Cr) )
where P(C,7) = P(q5(C, 7), @, (C, 7), 7) is the participation set and A(gefr, Geus) = 5 07 -
h((Geut — Gerr) /o) is the selection premium from Equation 18. Each type (g, k) contributes
n** papers, each accepted with probability p, each with expected true quality geg + A.

The social welfare function evaluates the focal (top-tier) journal in isolation:*

Y

SW(C,1;~v) = Q[qub(C’, 7)]¢ —IncProdCosts(C, 7) — () - Neubmit (C, T)—K-C—§

02
¢ » (23)

where:

IncProdCosts(C, 1) = / /P . )[C(n**(q,k; | C.7)ik) = C(nig(a. k); k)] g, k) dgdk (24)
Nawpmit (C, 7) = / /P i )n**(q, k| C,7)- flg,k)dgdk (25)

Naceept (C,7) = C (26)

4. The welfare function measures the social value created by the focal journal, not total knowledge across
tiers. A system-wide specification could aggregate Qotal = Qrop +Qlow across both tiers, which is computable
from the same single-journal equilibrium (since Qow depends only on the exogenous lower-tier parameters
and the participation set P). However, with & < 1 the lower-tier baseline must be included inside [-]¢, coupling
the welfare comparison to assumptions about lower-tier quality that are outside our model’s scope. A second
equilibrium would arise only if the lower tier had endogenous acceptance or prestige. Our specification asks:
how much social value does this journal create, net of the extra costs its existence imposes? We also exclude
researchers’ private prestige benefits, V(Gpub) - /Gt - /7P, Which are largely positional (zero-sum across
scholars). Including them would risk double-counting and could recommend over-expansion if prestige rents
are large.
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The planner’s problem is:
(C*(7). 7°(7)) = awg max SW(C,7; 7). (27)

The welfare function counts only incremental production costs: the change in effort each
participating scholar incurs by targeting the top tier relative to what that scholar would
exert at the lower tier. Scholars who do not participate in the focal journal (those outside
P) produce nj . papers for the lower tier regardless of the focal journal’s policy, so their
production cost is not attributable to the focal journal and does not enter the planner’s
objective. For participants, the cost C(n] ; k) is the baseline production that would occur in
the absence of the top-tier option, and only the increment C(n**; k) — C(nf,,; k) is the social
cost of top-tier participation. This increment can be positive or negative: it is positive when
top-tier targeting induces more output (n** > n; ), and negative when a scholar produces
fewer but more targeted papers for the prestigious journal (n™* < njf ), which can occur
when high prestige V(gpu») compensates for low acceptance probability p(ges, geut). Non-
participants incur zero incremental cost by construction, so fees cannot generate spurious
welfare gains by excluding scholars from the focal journal.

The social value term (1/€)[Qpub)* captures the benefit of published research, with £ < 1
reflecting diminishing returns as the volume of knowledge grows, for example due to overlap
or finite attention. Submission fees 7 - n per scholar are transfers: fee revenue 7 - Ngupmit
is collected by the journal and returned to the research community (or used for editorial
operations already captured in capacity costs), so fees affect welfare only indirectly through
their effect on scholar behavior (both participation and per-scholar output). Review costs
are () - Noubmit, where r(y) = 7o/(1 + ~)° falls with Al assistance and § > 0 captures the
elasticity. Capacity costs are k- C + (¢/2)C?, with ¢ > 0 capturing editorial fatigue or
administrative diseconomies of scale.

For each candidate (C, 7) in a search grid, the planner must first solve for the equilibrium
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(@outs @) and then evaluate the resulting social welfare. The optimal policy (C*(7), 7*(7))

maximizes this function jointly over both instruments.

6.1 FEconomic Intuition and Trade-offs

Journal capacity C plays two opposing roles.

On one hand, as Al technology () improves, all scholars can produce more papers for
the same cost. If the journal holds its capacity C' fixed, the market-clearing quality cutoff,
Geut, Must rise. Scholars can now produce more papers (higher n = (e + \v)'/?) for the same
effort, filling the journal’s slots more quickly. The resulting competition sharpens the quality
cutoff. Expanding capacity can mitigate this, allowing the journal to capture more of the
Al-generated research output.

On the other hand, expanding capacity is not costless. A larger C' generally leads to a
lower geut, which in turn lowers the average quality of published papers @b, and thus the
journal’s prestige V' (gpub). This decline in prestige weakens scholars’ incentive to participate,
potentially lowering both the quantity and quality of submissions. More submissions induced
by capacity expansion impose real costs: scholars consume more effort and Al resources, and
the journal must review more papers.

The social planner’s optimal choice, (C*, 7*), therefore balances these forces. It weighs
the marginal benefit of publishing more quality-weighted research (via @b, which is subject
to diminishing returns via £ < 1) against the combined costs: scholar costs (effort and Al),
review costs (r(7) - Nsubmit), and capacity costs (k- C + £C?). The relationship between
(C*,7*) and 7 depends on how these competing effects interact through general equilibrium

channels.

6.1.1 Why Capacity Rises with Al

£—1

pub * AQpub /dC', depends on the average quality of the

The marginal benefit of capacity, n£Q

marginal paper admitted. As C expands, the cutoff ¢.. falls and the marginal paper’s quality
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declines, so marginal benefit is decreasing in C. The marginal cost (/C') is increasing in C
but does not depend on . Without quality augmentation (w = 0), Al raises v and more
scholars produce more papers, but the quality composition of the marginal cohort remains
similar, so the marginal-benefit and marginal-cost curves cross at nearly the same C*. With
quality augmentation (w > 0), Al also raises ¢or = ¢ + a(7), increasing the quality of the
marginal paper at every capacity level. This shifts the marginal-benefit curve upward, so
the curves cross at a higher C*. In the calibration (Section 9), C* rises from 89 to 135 as 7

increases 150-fold, a 52% increase.

6.1.2 The Fee Trade-off with Selection Premium

The planner sets per-submission fees 7 to internalize the review cost externality, but in
equilibrium the fee also stabilizes the prestige feedback loop and determines the composition
of the participant pool. Because fees are per paper, they operate on both margins: higher fees
screen out marginal types (extensive margin) and reduce output per active scholar (intensive

margin, Equation A25). A higher fee has two opposing effects on total published quality
qub:

1. Cost reduction: Fewer submissions reduce incremental production costs and review

costs. The papers deterred tend to be marginal, so quality composition improves.

2. Selection premium erosion: Fewer submissions lead to a lower equilibrium cutoff gey.
A lower cutoff reduces the selection premium A(gef, geut), because with less selective
screening the journal can no longer cherry-pick papers with favorable idea draws as

effectively. This lowers average published quality.

These forces balance at an interior optimum 7* > 0. When o, = 0 (no within-paper
variation), the second force vanishes and the optimal fee is determined solely by the cost-
reduction trade-off. When o, > 0, the selection premium channel dampens the fee, because

aggressive screening through high fees comes at the cost of losing the quality bonus from
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selection. This mechanism, arising from within-paper quality variation, provides a structural

reason for interior optimal fees even beyond the standard cost-reduction logic.

6.1.3 Why Fees Are U-Shaped

The optimal fee reflects three components: the direct review cost 7(7) = /(1 + 7)?, which
falls mechanically with ~; a congestion/prestige-stabilization component; and a quality-
compression component that arises from the quality augmentation a(vy). The first two forces
push fees down as Al improves. The third pushes fees up: as a(y) raises all scholars’ effective
quality, more scholars produce papers competitive enough to target the top tier, expanding
the participant pool and requiring higher fees to screen.

At moderate v, the review cost decline dominates. The fee becomes a more potent
instrument as production costs fall: the scholar’s effective marginal cost is C'(n; k)47, where
C'(n; k) is decreasing in 7, so each dollar of fee deters more output (|dn*/dr| increases). The
planner achieves the same screening intensity with a lower fee. At high ~, quality compression
dominates: the quality distribution compresses in relative terms as a(vy) grows, and the
expanding participant pool requires sharply higher fees. In the calibration (Section 9), 7*
rises from =~ 3.5 at v = 0.1 to = 4.6 at v = 2, declines to ~ 3.7 around v = 5-6, then rises

sharply to ~ 10.5 at v = 15.

6.1.4 Incremental Production Costs

The welfare function counts only the incremental production cost of top-tier participation:
the change in effort a scholar incurs when targeting the focal journal relative to the lower tier.
Production for the lower tier happens regardless of the focal journal’s policy; the social plan-
ner accounts only for the difference in cost. This increment can be positive (when top-tier
targeting induces higher output) or negative (when high prestige allows the scholar to pro-
duce fewer, more targeted papers). The latter occurs when high prestige V (gun) compensates

for low acceptance probability p(ges, ¢eut). Because the incremental cost C(n**; k) —C(nf,; k)
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is zero for non-participants by construction, fees cannot generate spurious welfare gains by
excluding scholars whose production costs would be incurred at the lower tier anyway. The
endogenous sign of this increment distinguishes the model from standard congestion external-
ity frameworks, where production costs are unconditionally positive: here, the fee’s welfare
contribution operates through preventing the increment from turning positive by keeping
out marginal scholars whose top-tier output would exceed their lower-tier output.

At the planner’s optimum, the marginal quality loss from reduced submissions equals the
marginal cost savings from lower review and incremental production costs. Joint optimization
over (C*, 7*) gives the planner a larger policy space than optimizing either instrument alone.

Section 9 presents the full numerical analysis.

7 Empirical Motivation: Evidence on AI Adoption,
Output, and Screening

The evidence in this section motivates three model ingredients: heterogeneous adoption, the
magnitude of the AI productivity shift, and the screening challenge. Author-level evidence
on the production shock comes from Kusumegi, Yang, Ginsparg, de Vaan, et al. (2025b),
using their replication package (Kusumegi, Yang, Ginsparg, de Vaan, et al. 2025a) for arXiv
preprints from January 2022 through June 2024. We then complement this with population-
level content detection, submission volume trends across venues, the divergence between
working-paper and journal submissions, and evidence on Al in peer review. Al adoption is
measured as detected LLM-assisted writing, and the adoption month for an author is the first
month in which any LLM-assisted paper appears. Sections 7.1-7.5 summarize the replication
results (full regression tables are in Appendix F); later sections draw on additional sources.

The empirical evidence plays three roles. First, it documents a concentrated output surge
that creates submission pressure. Second, LLM-assisted papers are less likely to clear a

screening proxy: quantity rises faster than evaluative signals. Third, the divergence between
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no-fee and fee-charging venues provides direct evidence for the fee-screening mechanism.
These patterns motivate the model’s ingredients but do not directly identify its structural

parameters; the calibration in Section 8 sets those independently.

7.1 Data and measurement

The replication package makes available arXiv-based panels, which are the only components
we can access. The production file is an author-month dataset with 3,298,950 observations
that track monthly output around adoption. For each author, the data track the number of
preprints posted per month over a 30-month window, from January 2022 through June 2024.
The evaluation file is a paper-level dataset with 179,077 papers labeled as LLM-assisted or
non-LLM; the LLM share in this panel is 24.4% (75.6% non-LLM, 24.4% LLM). We do
not have access to the other panels described in the original paper, so all reported patterns
are based on these arXiv files. Adoption is defined as the first month in which an author

produces an LLM-flagged paper, using the replication definitions without modification.

7.2 Adoption diffusion and output concentration

Adoption rises quickly once LLM-assisted writing appears in the data. By the end of the
observed window, roughly 48% of authors have adopted, yet these adopters produce about
72% of monthly output (Figure A10). This concentration drives the submission surge in the
model: a minority of low-cost adopters can generate a large share of submissions even when

the median author has not adopted.

7.3 Productivity effects around adoption

Difference-in-differences and event-study estimates show a persistent post-adoption increase
in monthly productivity, reaching 0.4 to 0.45 additional papers per month by the end of the

observed window (Figure A11). The DiD interaction coefficient is 0.184 papers per month
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and is stable across specifications with and without month fixed effects (Table Al). The

post-adoption effects exceed the pre-trend by a factor of roughly four.

7.4 Heterogeneity by baseline productivity

Estimating the DiD regression separately by baseline productivity bin reveals that Al-driven
output gains concentrate among already-productive authors (Table A2). The interaction
coefficient increases monotonically from 0.122 in the lowest bin to 0.413 in the highest, a
3.4-fold gap. High-output scholars generate the bulk of submission pressure; the gains are

concentrated, not broad-based.

7.5 Quality proxies and screening outcomes

Linear probability models with publication status as the screening proxy show that LLM-
assisted papers are 6 percentage points less likely to be published, and the penalty grows
with paper complexity (Table A3). Al increases quantity without increasing the probabil-
ity of passing editorial screening, consistent with Kusumegi, Yang, Ginsparg, de Vaan, et

al. (2025D).

7.6 Population-level AI content detection

Population-level content detection corroborates the author-level patterns from Kusumegi,
Yang, Ginsparg, de Vaan, et al. (2025b).

Liang et al. (2025) analyze 1,121,912 preprints and published papers from January 2020
through September 2024 on arXiv, bioRxiv, and Nature portfolio journals. Using a word-
frequency framework, they estimate that by September 2024, 22.5% of computer science
abstracts, 8.9% of Nature portfolio abstracts, and 7.7% of mathematics abstracts showed
evidence of LLM modification. The overall lower bound across fields is at least 10% of 2024

abstracts. LLM modification rates are higher in more crowded research areas and for papers

28



from regions with lower English proficiency.

Kobak et al. (2025) examine over 15 million biomedical abstracts from PubMed (2010
2024) and identify 379 style words with elevated frequencies in 2024. They estimate that at
least 13.5% of 2024 PubMed abstracts were processed with LLMs, translating to approxi-
mately 200,000 papers per year in biomedical literature alone.

The production shock appears at population level across fields, not only among early

adopters.

7.7 Researcher surveys on AI adoption

Survey evidence confirms that Al adoption in academic writing is broad-based and accel-
erating. A Nature survey of more than 5,000 academics worldwide found that 57% had
used Al for writing in the previous two years, and 72% planned to use it in the next two
years (Kwon 2025). A survey of scientists at US universities found that 65% had used gen-
erative Al, with writing, reviewing, and editing as the most frequent applications at 40%;
84% of current users intended to continue (Arroyo-Machado et al. 2025). The adoption wave
on arXiv (Kusumegi, Yang, Ginsparg, de Vaan, et al. 2025b) is representative of a broader

shift in research practices.

7.8 Submission volume trends

The production shock translates into divergent submission trends depending on whether the
venue charges submission fees.

At no-fee venues, submission growth has accelerated sharply. ArXiv overall set new
monthly records in late 2024, with 24,226 submissions in October 2024, a 17% year-over-year
increase (arXiv 2024). ArXiv economics grew 77% cumulatively from 2022 to 2025 (1,308
primary articles in 2022 to 2,313 in 2025), with growth accelerating from 10.8% in 2023 to
21.5% in 2024 and 31.3% in 2025 (arXiv 2026). At computer science conferences, which

generally do not charge submission fees, the increases are larger still: NeurIPS submissions
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rose from 10,411 (2022) to 21,575 (2025), a 107% increase (NeurIPS Program Chairs 2025);
AAAT reported a 77% increase from 2025 to 2026 (AAAI 2025); and CHI rose 27% from
2023 to 2024 (CHI 2024 Program Chairs 2023).

At fee-charging journals, submission trends are flat or declining over the same period.
The Journal of Finance received 1,204 new submissions in 2020 and 937 in 2024, a decline
of 22% (American Finance Association 2026). Econometrica fell 17% from 202021 to 2021—
22 (Econometric Society 2026). The American Economic Review received approximately
1,722 submissions in 2023, roughly flat (American Economic Association 2026). The Review
of Economics and Statistics declined approximately 10% in 2022-23 before a 13% rebound
in 2024 (Review of Economics and Statistics 2026). The Review of Finance reported that
“volumes remain low” in 2023-24 (Review of Finance 2026).

General scientific publishing has also been under strain independently of AI. Hanson
et al. (2024) document that the number of Scopus and Web of Science articles in 2022 was
approximately 47% higher than in 2016, a growth rate that outpaced the growth in practicing
scientists. The post-ChatGPT acceleration in arXiv and conference submissions sits on top

of this secular trend.

7.9 Working-paper and journal divergence

The contrast between surging working-paper output and flat journal submissions provides a
natural experiment for the fee-screening mechanism in the model. Several complementary
hypotheses account for this divergence.

The most direct channel is submission fees. Fees at top economics and finance journals
range from $125 (Econometrica, Review of Economics and Statistics) to $750 (Journal of
Financial Economics); the median is approximately $300 (see Section 8). The Economic
Journal attributed a decline in submissions to raising its fee from 150 to 220 GBP (Lippi
2023). Computer science conferences, which charge no meaningful submission fees, have

experienced the largest surges. Submission fees screen out marginal Al-assisted submissions,
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consistent with this pattern.

A related channel is self-selection: if LLM-assisted papers are less likely to pass peer
review (Kusumegi, Yang, Ginsparg, de Vaan, et al. 2025b), authors may recognize this
and direct such papers to preprint servers rather than fee-charging journals. Submission
lags provide a second channel: the arXiv economics acceleration appeared in 2024-2025,
and with typical submission-to-journal lags of one to two years, the corresponding surge in
journal submissions may appear in 2025-2026. The 13% rebound at the Review of Economics
and Statistics in 2024 is consistent with this timing.

Finally, a composition effect may contribute. AI may disproportionately enable marginal
researchers to produce working papers that would not be targeted at top-five journals. If
new Al-assisted output is concentrated in lower-quality papers, the top journals would not

see a proportionate increase in submissions even as total research output grows.

7.10 Al in peer review

AT adoption extends to the evaluation side of the market. Liang et al. (2024) estimate
that between 6.5% and 16.9% of peer review text submitted to AI conferences after the
release of ChatGPT was substantially modified by LLMs. At ICLR 2024, approximately
15.8% of reviews showed evidence of Al assistance; by ICLR 2026, this share had risen to an
estimated 21% (Naddaf 2025). Al-modified reviews showed lower self-reported confidence,
later submission relative to the deadline, and less engagement with author rebuttals. These
patterns suggest that Al is changing not only the supply of papers but also the quality and
informativeness of the review signal, compounding the screening challenge that the model

addresses.

7.11 Summary for the model

The evidence provides five inputs to the theoretical framework. First, adoption diffuses

quickly and concentrates output among adopters, with population-level estimates confirming
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that at least 10-22% of recent papers show LLM modification. Second, adoption produces
large, persistent productivity gains, especially for already productive authors. Third, quality
screening outcomes are weaker for LLM-assisted papers. Fourth, the divergence between no-
fee venues (surging submissions) and fee-charging journals (flat or declining submissions)
provides direct evidence for the fee-screening mechanism. Fifth, Al adoption on the review

side reduces peer-evaluation informativeness, compounding the screening challenge.

8 Calibration

The social planner’s welfare function accounts for both the quantity and quality of published

research:

Y

SW(C,1;~v) = Q[qub(C, 7')}g — IncProdCosts(C, 7) — r(7) * Nsubmit (C, 7) — k- C' — 502

S

where Qpup = C - Goup 1s total published quality, IncProdCosts is the incremental production
cost of top-tier participation (the extra effort each participating scholar exerts beyond what
the scholar would exert at the lower tier), Nyupmit is total submissions, 7(y) = ro/(1 +7)° is
the per-submission review cost with baseline ry, and k, 1) are publication cost parameters.
Only incremental costs enter the welfare function: production for the lower tier happens
regardless of the focal journal’s policy; the planner accounts only for the additional cost of
top-tier effort.

The first-order condition for optimal capacity has two components in the marginal benefit:
a direct effect (higher capacity publishes more research at current quality) and a quality

feedback effect (capacity expansion lowers the equilibrium cutoff and thus average published

8‘jpub

quality, with =%

< 0). Because gpup is an endogenous equilibrium outcome that depends on
capacity through the general equilibrium system, there is no closed-form solution for C*(7)
or its elasticity ¢ ; we compute both numerically.

The structural parameters are § (governing how Al affects review costs via r(y) =
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ro/(1 + 7)?%), ¢ (prestige elasticity in how scholars value journal quality), and ¢ (social
benefit elasticity, with ¢ < 1 implying diminishing marginal social value of published re-
search). They jointly determine the optimal capacity response to Al through equilibrium

scholar behavior, quality standards, and welfare trade-offs.

8.1 Data and parameter calibration

We obtain journal data from Scimago Journal Rank (SJR; SCImago Lab 2026), using the
large set of journals available in that source. We restrict the data to journal-type records
and years 2022-2024 and use them both to estimate prestige elasticity and to discipline the
capacity target.

Prestige elasticity ¢ enters the prestige function V(gyun) = %cjlfub. Comparing two tiers,
© = In(Viop/Vaec)/ I0(Grop/Gsec)- In the SJR data, prestige V' is proxied by the SJR index and
average published quality g by the 2-year citations-per-document field. The sample includes
only journals with strictly positive SJR and positive citations per document. The top tier
is defined as journals with SJR at or above the 95th percentile and the second tier as those
between the 80th and 95th percentiles; for each tier we take median SJR and median citations
per document. The calculation yields a point estimate @ ~ 1.23. We set ¢ = 1.25 as a round
central value, implying that a 10% increase in a journal’s average published quality raises
prestige by (1.10)'% — 1 ~ 12.7%.

The parameter 0 quantifies how Al capability v affects the per-submission cost of ref-
ereeing via 7(7) = r9/(1 + 7)°. Micro-evidence shows that Al can reduce time in specific
editorial subtasks: a mixed-methods study of Al-assisted reviewer selection reports a 73%
reduction in the time to select reviewers (Farber 2024), and active-learning screening tools
such as ASReview achieve work saved over sampling of 67-92% at 95% recall in system-
atic review screening (van de Schoot et al. 2021). The bulk of peer-review resource cost,
however, reflects referee reading, verification, and judgment rather than matching or triage.

Surveys indicate a median of roughly five hours to complete a review and global estimates
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imply over 100 million reviewer-hours annually (Vesper 2018). The aggregate benchmark:
at v = 1 (current AlI), a 20% proportional cost reduction gives r(1)/ro = 1 — 0.20 = 279,
giving 06 = —1In(0.8)/1In(2) ~ 0.32. We set the baseline § = 0.30.

The parameter £ appears in the social benefit function B(Qpun) = (n/ﬁ)wab. With
¢ < 1, the marginal social value of an additional unit of published quality decreases as more
research is already available. We set £ = 0.8, so doubling total published quality raises social
welfare by a factor of 2°8 ~ 1.74 rather than 2.

Given these structural parameters, we set scale and distribution parameters to match
two empirical targets at current AI (v = 1): optimal capacity C* ~ 100 and an equilibrium
acceptance rate of approximately 8%. The capacity target C* ~ 100 is within the range
observed in SJR data (SCImago Lab 2026): the median annual document count among
journals at or above the 95th percentile SJR is 131. The acceptance rate target reflects
observed rates at top journals: the Journal of Finance reports approximately 6.4% (American
Finance Association 2026), the AER 5-7% (American Economic Association 2026), and the
RFS 6-8% (see also Card and DellaVigna 2013).

Scholar quality is drawn from a Beta(2,2) distribution on [0.5, q] with ¢ = 5, Al adoption
cost from a Beta(2,2) distribution on [0.1, 2.0], and scholar mass is M = 10,000. All aggregate
quantities (submissions Ngupmit, production costs, review costs, welfare) are scaled by M:
where the model’s unit-mass integrals give per-capita values, the numerical implementation
multiplies by M to produce level quantities. The two type dimensions are independent. The
upper bound ¢ is chosen so that the equilibrium acceptance rate at (C, 7) & (100, 3) matches
the empirical target of approximately 8%.

The outside option is parameterized by the composite Qo = Viow+/Plow, Which is the
single sufficient statistic for the lower-tier alternative (Section 3.2.3). We set Qo = 0.50
(corresponding to View, = 1.0 and pioy = 0.25), calibrated so that the participation margin
produces an acceptance rate near the empirical target at the optimal (C*,7*).

As described in Section 3.2.3, the noise parameters (o, 0.) enter the model only through
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two sufficient statistics: the total noise scale op = \/m and the signal share s = 02 /02.
The total noise o governs the steepness of the probit acceptance probability p(qef, Geut) =
D ((Gefr — geus) /0T), While the signal share s controls the magnitude of the selection premium
A =s-or h((gent — get) /OT)-

We fix the signal share at s = 0.12, implying that 12% of total evaluation variance is
attributable to within-paper quality variation (real differences across a scholar’s papers) and
88% to review noise (referee taste, editorial judgment, measurement error). This value is
consistent with empirical studies of within-author heterogeneity in citation outcomes (Sina-
tra et al. 2016), which suggest that the standard deviation of per-paper quality within a
researcher’s portfolio is on the order of 30-50% of the cross-author standard deviation. The
total noise scale o =~ 2.90 is calibrated jointly with the other scale parameters. The under-
lying decomposition is o, = 1.0 and 0. = 2.72, where the evaluation noise was matched to
a logistic scale parameter of Sjogistic = 1.5 via 0. = TSiogistic/ V3.

Because submission fees are per paper, the planner faces a genuine trade-off: higher fees
reduce each scholar’s output (Equation A25), lowering total submissions and production
costs but also reducing total published quality. The sufficient statistics (o, s) determine
how this trade-off resolves. The total noise o7 governs how effectively fees translate into
quality improvements: when evaluation is precise (small or), the papers deterred by fees are
predominantly marginal ones, so fees improve average quality with limited loss. When eval-
uation is noisy (large or), fees reduce submissions more indiscriminately. In addition, the
selection premium creates a second channel (proportional to s): higher fees reduce submis-
sions, lowering the equilibrium cutoff and thus the selection premium. This second channel
dampens the optimal fee relative to a model without within-paper variation (s = 0). The
noise parameters are set so that the equilibrium at (C, 7) = (100, 3) produces an acceptance
rate near 8% at v = 1.

The quality augmentation parameter w governs the strength of Al quality improvement

(Equation 2). At v = 1, experimental evidence finds writing quality improvements of ap-
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proximately 0.4 standard deviations (Noy and Zhang 2023), with effects concentrated among
lower-ability workers (Brynjolfsson, Li, and Raymond 2025; Dell’Acqua et al. 2023). At
higher ~, agentic Al systems with iterative refinement and adversarial verification can inde-
pendently produce field-journal-quality research. We set w = 0.3, so that at v = 5 (agentic
Al), a(y) = 0.3 x 5 x In6 =~ 2.7: a scholar with intrinsic quality ¢ = 0.5 achieves effective
quality geg = 3.2, within the competitive range. At the calibration point v = 1, a(1) ~ 1.0, a
meaningful but not dominant quality boost consistent with the experimental evidence. The
quality augmentation is ambient: it depends on the state of Al technology =, not on the
scholar’s individual adoption intensity A (Equation 2).

Convex capacity cost 1) captures increasing marginal cost of expanding capacity through
the term (1/2)C?; linear capacity cost k is set to zero. The two scale parameters 7 (social
benefit) and 1) (capacity cost) are jointly set so that C* = 100 is the welfare-maximizing
capacity at v = 1, after incorporating probit participation smoothing with scale ( = 0.1
(see below) and quality augmentation with w = 0.3. Only the ratio n/1¢ ~ 65.2 determines
optimal capacity; the individual magnitudes reflect the monetary unit normalization (see
below). We set n = 3,220 and tp = 49.4. The distribution parameters (¢, oy, o7) are
set so that the equilibrium at the optimal (C*,7*) produces an acceptance rate near 7%,
matching observed rates at top journals. The welfare-maximizing fee at v =1 is 7* = 4.2,
corresponding to $420 per submission. The per-submission review cost (1) ~ 8.1 exceeds
the optimal fee by a factor of 1.9: the fee need not cover the full review cost because the
planner also values the quality information that reviews generate. The gap between (1) and
7* reflects the net benefit of the marginal submission’s information value minus its congestion
and prestige-feedback externalities (Section 9.3). The predicted fee falls within the range of
observed submission fees at top economics and finance journals (Table 1).

The participation decision, whether to target the top tier or the lower tier, is smoothed
using a probit specification (McFadden 1974): each scholar’s probability of targeting the

top tier is ®((Ug

top — Upow)/C); where ¢ > 0 is a small idiosyncratic preference shock and ®
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is the standard normal CDF. We set ( = 0.1. This smoothing replaces the hard threshold

Uiop = Upy, With a smooth participation weight, eliminating discontinuities at the partici-

pation boundary that would otherwise create quadrature artifacts in numerical integration.
The smoothing has negligible effect on equilibrium outcomes (¢ is small relative to utility
differences) but improves numerical stability and convergence.

Baseline review cost rg = 10 gives the per-submission cost with no AI; together with
§ = 0.30 it defines (7). At v =1, r(1) = 10/2°3 ~ 8.1 model units, or $810 per submission,
consistent with estimates of 2-3 referee reports at 5 hours each and average academic com-
pensation of roughly $74/hour (Vesper 2018). The baseline fixed entry cost is Fp®¢ = 0.1,
representing the minimal cost (formatting, submission portal, opportunity cost of time) that
any scholar incurs to submit a paper, regardless of production effort. After calibration to
these targets, the structural elasticities determine how optimal capacity, fees, and welfare
respond to further Al improvements.

Per-submission fees 7 are transfers from a welfare perspective, so the welfare function
excludes fee revenue. The fee serves a Pigouvian function (internalizing the per-submission
review cost) but also stabilizes the prestige feedback loop (¢ > 1) and determines whether
incremental production costs are positive or negative, so the optimal fee level reflects general
equilibrium forces beyond the direct review cost. Fees affect welfare indirectly through both
the extensive margin (which scholars participate) and the intensive margin (how many papers
each active scholar produces).

To validate the model’s fee prediction, Table 1 reports current submission fees at leading
economics and finance journals. Fees range from $0 (QJE) to $750 (JFE), with a median
of $200-300 in economics and $400-500 in finance. Several journals differentiate fees by
membership status or author income level. The model unit 7 = 1 corresponds to $100, so

the observed range maps to 7 € [0, 7.5] with a cross-journal median near 7 ~ 3.
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Table 1: Submission fees at leading economics and finance journals

Journal Field Fee (9)
Quarterly Journal of Economics Econ 0
Management Science Mgmt 79
Econometrica Econ 125
Review of Economics and Statistics Econ 125
Review of Economic Studies Econ 200
American Economic Review Econ 200-300
Journal of Political Economy Econ 125-250
Journal of Financial and Quantitative Analysis Finance 350
Journal of Finance Finance 400-525
Review of Financial Studies Finance 400-460
Journal of Financial Economics Finance 750

Fees as of early 2026. Ranges reflect member versus non-member rates.
Several journals offer reduced fees or waivers for authors from low- and
middle-income countries or for students and early-career researchers.
Sources: journal submission guidelines pages, accessed February 7,

2026.

The model possesses a rescaling symmetry that clarifies the identification structure. Let
a > 0 and scale all monetary parameters: Vo — aVp, ¢ — ac, k — ak, FP*° — qFpa°,
T —ar,n — an, Y — ap, rg — arg. Under this transformation, the first-order condition
MB(n) = C'(n; k) + 7 scales by a on both sides (since M B is linear in Vj and C’ is linear
in c or k/7v), so n*(g, k) is invariant. The participation condition U(n*) > 0 also scales by a
on both sides (the per-paper fee term 7 - n* scales by a since 7 scales and n* is invariant),
so all equilibrium quantities, including submissions, acceptance rates, and average published
quality, are unchanged. Social welfare scales by a, and optimal capacity C* is invariant

because a cancels from the first-order condition. Optimal fees 7* scale by a (since fees are in
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the same monetary units). The model therefore identifies only ratios among the monetary
parameters; one normalization pins the monetary unit. We set ¢ = 1 and Vj = 1 as the
normalization. Setting 1 model unit &~ $100, consistent with observed submission fees at
7 ~ 4 corresponding to ~ $400, simultaneously determines the dollar-equivalent scale for all
other monetary quantities, including baseline review cost (ro = 10 model units ~ $1,000 per
submission) and scholar production costs. The large magnitudes of n = 3,220 and ¢ = 49.4
(relative to, say, a normalization with ¢) = 1) reflect this monetary unit choice; only the ratio
n/v ~ 65.2 is economically meaningful for determining C*. The structural elasticities (4, ¢,
¢, w) are dimensionless and therefore invariant to this rescaling, as are the fixed parameters
0 = a = B = 1/2. The noise parameters (o,,0.) are in quality units and are also invariant.
The qualitative predictions (monotonically increasing welfare under joint optimization, U-
shaped optimal fees) depend on these elasticities and noise parameters rather than on the
choice of monetary unit.

The calibration separates structural parameters (with empirical guidance) from scale
parameters (jointly set to match the normalization target). Predictions such as the welfare
response to Al and the optimal fee schedule therefore depend on the structural elasticities
rather than on the choice of monetary unit. Section 9 presents the numerical implementation

and quantitative results.

9 Numerical Results

The welfare-maximizing capacity and submission fee are computed for each Al productivity
level v € 0.1, 15], with v = 1 as the baseline calibrated to early-2024 frontier LLM capability

and fees treated as transfers in the welfare function.
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9.1 Main quantitative patterns

Table 2 reports optimal policies and outcomes at selected v. Under joint optimization, social
welfare rises monotonically in v. Capacity rises from C* = 89 at v = 0.1 to C* = 135 at
~v = 15, a 52% increase reflecting the growing social value of Al-enhanced research. Optimal
fees follow a U-shaped pattern: rising from 7* = 3.5 to 7* = 4.6 as y increases to 2, declining
to 7* = 3.7 around v = 5-6, then rising sharply to 7% = 10.5 at v = 15. The acceptance rate

remains in the 3%-9% range across the grid.

Table 2: Optimal policy and welfare outcomes by Al productivity 7.

¥ Interpretation C* T* SW* Noubmit Accept
0.1 Pre-Al 89 3.5 317,185 1,059 8.4%
0.5 Early Al 94 3.9 356,206 1,203 7.8%
1 Baseline (early 2024) 100 4.2 393,972 1,371 7.3%
1.5 104 4.5 424,468 1,475 7.0%
2 Moderate Al 107 4.6 450,173 1,603 6.7%
3 112 4.1 492 877 2,067 5.4%
5 Advanced Al 120 3.7 557,599 2,743 4.4%
10 High Al 132 6.5 653,784 2,094 6.3%
15 135 10.5 708,971 1,487 9.1%

Notes: Each row reports the welfare-maximizing policy (C*,7*) and resulting equilibrium out-
comes for a given level of AI productivity 7. C* is optimal capacity (papers per period); 7*
is the optimal per-paper submission fee in model units (1 unit &~ $100). Ngypmit is total sub-
missions and Accept is the acceptance rate C*/Ngypmit. Under joint optimization, welfare is
monotonically increasing in -y, capacity rises from 89 to 135, and fees follow a U-shaped pattern.
The implementation is described in Appendix B.

The Al index ~ governs both the reduction in research production costs and the ambient
improvement in paper quality (Equation 2). At v = 1, the model is calibrated to early-
2024 frontier LLM capability, where difference-in-differences estimates find a 17% increase
in output among adopting researchers (Kusumegi, Yang, Ginsparg, de Vaan, et al. 2025b)
and writing quality improvements of approximately 0.4 standard deviations (Noy and Zhang
2023). At v = 0.1, AI provides negligible cost reduction and quality enhancement, cor-
responding to the pre-LLM era. Values above 1 represent improvements beyond current

capability: at v &~ 3, agentic Al systems can iteratively refine research, and at v ~ 5, au-
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tonomous Al workflows can independently produce field-journal-quality research (Dell’Acqua
et al. 2023). Beyond 7 & 10, Al quality surpasses the best human researchers and quality
differences across scholars compress toward irrelevance. We do not map v values to calen-
dar years: Al progress is uncertain and non-linear. The qualitative patterns (monotonically
increasing welfare, rising capacity, U-shaped fees) hold across the full range, so the policy
conclusions do not depend on the pace at which v advances.

Figure 1 shows welfare and policy as functions of v. Panel (a) plots SW*(7y) over the full
range; panels (b) and (c) plot C*(y) and 7%(y). Welfare rises monotonically, capacity rises

from 89 to 135, and fees follow a U-shaped pattern (rising, dipping, then rising sharply).
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Figure 1: Optimal welfare and policy as functions of Al productivity «: (a) social welfare

SW*(), (b) optimal capacity C*(v), and (c) optimal fee 7*(7).

Notes: Welfare is monotonically increasing in -« under joint optimization. Capacity rises from C* = 89 to
C* = 135, reflecting the growing social value of Al-enhanced research. Fees follow a U-shaped pattern:
rising to 7" = 4.6 around v = 2, declining to 7* = 3.7 around v = 5-6, then rising sharply to 7* = 10.5 at

~ = 15. The fee is reported in model units, where 1 unit corresponds to $100 in submission fees.
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The U-shaped fee pattern reflects two competing forces. At moderate +, falling review
costs 7(7) = ro/(1+7)° pull fees down: the per-submission review cost falls from (0.1) ~ 9.7
to r(15) ~ 4.4, reducing the externality that fees must internalize. At high ~, the quality
augmentation a(y) = wqy log(1 + ) compresses the effective quality distribution. As all
scholars produce higher-quality papers, more find it worthwhile to submit to the top tier,
overwhelming the review cost channel. At v = 1, the per-submission review cost r(1) ~ 8.1
exceeds the optimal fee 7 = 4.2 by a factor of 1.9. In dollar terms, 7" = 4.2 at 7 = 1

corresponds to $420, declining to $370 around v = 5-6 before rising to $1,050 at v = 15.

9.2 The role of fee adjustment

Fee adjustment converts Al productivity gains into welfare improvements. Without fees,
welfare peaks at moderate v and then collapses as Al-enhanced quality floods the system with
competitive submissions. With fees, welfare rises monotonically. Fees prevent the submission
floods that would otherwise overwhelm the review system and destroy the journal’s quality
signal.

At v = 1 with the calibrated fee 7 = 4.2, approximately 4,070 scholars target the top
tier, producing 1,370 total submissions and yielding an acceptance rate of 7.3%. Aggregate
incremental production costs are —431 model units (approximately —$43,100 at the cali-
brated scale of 1 unit ~ $100): scholars who target the selective top tier produce fewer,
more targeted papers than they would for the lower tier, so top-tier participation reduces
production effort. Total review costs are 11,140 (approximately $1,100,000). Setting 7 =0
at the same v and re-optimizing capacity (which falls to C* = 96) produces a qualitatively
different equilibrium: submissions surge to 6,611 (a 4.8-fold increase), acceptance rates fall
to 1.5%, and incremental production costs swing positive.

The welfare decomposition in Figure 2 shows this contrast across the full range of v. The
fee screens out scholars whose expected benefit from top-tier publication does not justify the

submission cost, preventing production costs from swinging positive and keeping review costs
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from rising 4.8-fold. Without this screening, the quality compression from Al (which raises
all scholars’ effective quality) amplifies the submission externality beyond the productivity
gains.

When review costs also cannot fall (§ = 0 and 7 = 0), welfare peaks at v ~ 2.5 and
then collapses (Table 4, column C): the quality compression that fees would have managed
causes an uncontrolled submission flood. Even with § = 0.3, welfare at 7 = 0 peaks and
declines: falling per-submission review costs cannot offset the volume surge driven by quality

compression, and acceptance rates fall below 2% everywhere (Table 3).

(a) No fee (T=0) (b) Calibrated fee (T =3)
Incremental production costs Incremental production costs
I Review costs / I Review costs /
800000 | Capacity costs 800000 | Capacity costs
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Figure 2: Welfare decomposition by component, comparing the calibrated fee (7 = 3, ap-

proximating 7*) and no-fee (7 = 0) regimes at C' = 100.

Notes: Each panel shows welfare as the sum of published-quality benefits minus incremental production
costs, review costs, and the convex capacity cost. With 7 = 3, welfare rises monotonically as Al reduces
review costs. With 7 = 0, submissions flood the system, incremental production and review costs rise, and

welfare remains at a much lower level.
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9.3 Why optimal fees are U-shaped

The fee internalizes the externality that each additional submission imposes through review
costs, congestion of the acceptance threshold, and destabilization of the prestige signal. Two
forces drive 7" in opposite directions as Al improves.

The first force pushes fees down. The per-submission review cost () = ro/(1 + v)°
falls as Al makes refereeing cheaper, from r(0.1) ~ 9.7 to r(15) ~ 4.4. Additionally, as
production costs fall, the fee becomes a more potent screening instrument: |dn*/dr| rises
with v because 7 constitutes a larger share of effective marginal cost, so the same screening
intensity requires lower fees.

The second force pushes fees up. The quality augmentation a(y) = wqylog(l + 7)
raises all scholars’ effective quality, shifting the effective quality distribution rightward and
compressing it in relative terms. At v =5, a(y) = 2.7, raising the lowest-quality scholar from
q = 0.5 to geg = 3.2, well within the competitive range. More scholars find it worthwhile to
target the top tier, and the journal must raise fees to screen them.

At moderate 7 (up to v & 5), the first force dominates: fees decline from 4.6 to 3.7 as
review costs fall. Beyond v ~ 6, the quality compression effect overtakes the review cost
decline, and fees rise sharply to 7 = 10.5 at v = 15. The crossover occurs roughly where
agentic Al systems can independently produce field-journal-quality research, marking the

transition from Al as a cost-reducing tool to Al as a quality equalizer.

9.4 Policy counterfactuals

Table 3 compares equilibrium outcomes under three policies: full optimization of (C*,7%),
optimal fees with fixed capacity C' = 100, and optimal capacity with no fees (7 = 0).

The table shows an asymmetry between the two instruments. With fees, acceptance
rates remain between 3% and 9%, regardless of whether capacity is also optimized. Without
fees, the picture is qualitatively different: acceptance rates fall below 2% everywhere, and

welfare peaks at v &~ 2.5 before collapsing. The no-fee regime fails at high v because quality
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Table 3: Equilibrium outcomes under alternative policy responses.

Joint (C* 1) Fee only (C'=100) No fees (7=0)
v Nsub Acc. (jpub Nsub Acc. q_pub C* Nsub Acc. q_pub
0.5 1,203 7.8% 2.37 1,250 8.0% 5.35 90 2,747 1.6% 5.22

1 1,371 7.3% 5.78 1,371 7.3% 5.78 96 6,611 1.5% 5.67
2 1,603 6.7% 6.37 1,568 6.4% 6.39 104 8,739 1.2% 6.37
3 2,067  5.4% 6.82 1,848 5.4% 6.84 190 13,812 1.4% 6.75
5 2,743  4.4% 7.49 2,393 4.2% 7.52 — — — —
10 2,094  6.3% 8.34 2,884  3.5% 8.50 — — — —
15 1,487  9.1% 8.82 3,190 3.1% 9.10 — — — —

Notes: Equilibrium submissions, acceptance rates, and average published quality under three
policies. Joint (C*,7*): welfare-maximizing capacity and fee (Table 2). Fee only: optimal fee
with capacity fixed at C' = 100. No fees: optimal capacity with 7 = 0. With fees, acceptance
rates are 3-9%. Without fees, submissions surge and acceptance rates fall below 2%. At high ~,
the no-fee regime collapses entirely (“—” entries): quality compression drives an uncontrolled
submission flood that no capacity choice can absorb. With s = 0.12, most acceptance variance
at these extreme cutoffs reflects review noise rather than true quality variation.

compression drives a submission flood that no capacity choice can absorb: at v = 3 with

7 = 0, the solver finds C* = 190 with welfare 47% below the v = 2.5 level. Beyond v = 3,

no equilibrium with reasonable welfare exists at 7 = 0.

The asymmetry arises because fees address the extensive margin, screening out marginal
scholars whose submissions congest the system, while capacity operates only on the accep-
tance threshold. Without fees, the quality augmentation channel amplifies the submission
externality: as a(7y) rises, more scholars clear the quality threshold for competitive submis-
sion, and the system floods. Moving from joint optimization to fee-only policy (C' = 100)
leaves acceptance rates close to their joint-policy values, while moving to the no-fee regime
produces an uncontrolled submission flood that worsens as Al improves quality.

Table 4 decomposes the welfare gains into two channels by setting § = 0, so that review
costs remain fixed at ry regardless of y (referees cannot use Al). Column (A) is the baseline
with § = 0.3; column (B) sets § = 0 but allows optimal fees; column (C) sets 6 = 0 and 7 = 0.

The gap A—B isolates the review cost channel: how much welfare Al-assisted refereeing

contributes. The gap B—C isolates the fee-screening channel: how much fees contribute when
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review costs cannot fall. When referees cannot use Al, the planner compensates by setting
higher fees (7% = 10.5 versus 10.5 at v = 15; at very high =, the quality compression channel
dominates and optimal fees converge regardless of §), and welfare remains monotonically
increasing. Without fees and without Al refereeing, welfare peaks at v =~ 2.5 and then
collapses.

Table 4: Decomposing the review cost and fee-screening channels (6 = 0 counterfactual).
(A) Baseline (6§ = 0.3) (B) 6 =0, opt. 7 (C)d=0,7=0 Gaps
¥ SW T* Acc. SW T  Acc. SW Acc. A-B B-C

0.5 356,206 3.9 7.8% 354,849 4.0 8.0% 293,752 1.6% 1,356 61,098
1 393972 42 73% 391,499 45 7.8% 326,591 14% 2473 64,908
450,173 4.6  6.7% 445853 5.1 7.3% 370,789 1.2% 4,320 75,063
3 492877 4.1  54% 486,661 53 6.8% 199,878 1.4% 6,216 286,783

\)

Notes: Three scenarios isolate the review cost and fee-screening channels. (A) Baseline: Al
reduces both production costs and review costs (§ = 0.3). (B) 6 = 0: Al reduces production
costs but review costs are fixed at rg (referees cannot use AI). (C) § =0, 7 = 0: referees cannot
use Al and no submission fees. The gap A—B measures the welfare contribution of Al-assisted
reviewing; B—C measures the welfare contribution of fee screening when review costs cannot
fall. Fee screening (B—C) exceeds the review cost channel (A—B) by a factor of 7 to 45 at every

.

Appendix B contains solver, uniqueness, and continuity diagnostics (which includes di-

agnostic figures in Appendix C) and Appendix D.

10 Policy Implications

This section translates the model’s quantitative predictions into guidance on how journals
may want to adjust fees and capacity as Al capability improves. The Al index v summarizes
effective research productivity and screening capability, and the mapping from 7 to dollar

fees uses the normalization described in Section 8.
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10.1 Fee adjustment as the primary policy lever

The central policy distinction is between having submission fees and not having them. The
policy priority is not fine-tuning the fee level or capacity but ensuring that some submission
fee is in place. Without fees, the quality compression from Al eventually collapses the

equilibrium: welfare peaks at moderate v and then declines sharply.

10.2 A dynamic fee schedule

Optimal fees follow a U-shaped pattern (Section 9.3), initially declining from $460 to $370
as review costs fall, then rising sharply to $1,050 as quality compression dominates. In the
near term (v < 5), journals should modestly reduce fees as Al makes reviewing cheaper. In
the longer term, as Al quality augmentation compresses the quality distribution, journals
should raise fees substantially to screen the flood of competitive submissions. The crossover
point, where quality compression overtakes the review cost decline, occurs around v ~ 56,

roughly corresponding to autonomous Al research systems.

10.3 Capacity under joint optimization

Under joint optimization, optimal capacity rises from C* = 89 to C* = 135 (a 52% increase)
as v increases from 0.1 to 15. This expansion contrasts with the near-flat capacity that would
obtain without quality augmentation (w = 0). The rising capacity reflects the growing social
value of Al-enhanced research: as a(7) raises effective quality, the marginal benefit of each
publication slot increases, justifying expansion even as the marginal capacity cost ()C) rises.

Without fees, fixed capacity combined with an uncontrolled submission flood forces the
quality cutoff far above the quality support, keeping acceptance rates below 2%. At these
extreme cutoffs, with s = 0.12, 88% of acceptance variance reflects review noise rather than
true quality variation, so screening becomes inefficient. Fees moderate submissions so that

capacity accommodates the highest-quality papers at an acceptance rate of 3-9%.
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10.4 Interpretation and incremental cost accounting

The policy conclusions hinge on the welfare accounting for production costs. The model
counts only the incremental production cost of top-tier participation: the extra effort each
scholar exerts by targeting the focal journal beyond what the scholar would exert at the lower
tier. Lower-tier production happens regardless of the focal journal’s policy, so the planner
should not attribute those costs to the top-tier system. The incremental cost framing also
prevents fees from generating spurious welfare gains by excluding scholars whose baseline
production costs would be incurred at the lower tier anyway.

Incremental production costs are negative (—431 at v = 1) when fees are in place, meaning
that top-tier participants produce fewer papers than they would at the lower tier. The
acceptance probability gap between tiers drives this result. At the top tier, acceptance is
roughly 7% and each submission costs 7 in fees, so the effective cost per expected acceptance
is high. At the lower tier, acceptance is roughly 25% with no fees, so each paper is far
cheaper per expected acceptance. A scholar of given type who would produce several papers
for a field journal instead concentrates into fewer submissions at the top tier. Because the
cost function is convex, producing fewer papers saves more than proportionally, driving the
incremental cost below zero.

Removing fees reverses the sign of incremental production costs through a composition
effect. About 3,375 additional scholars enter the top tier, including marginal types for
whom the prestige boost outweighs the low acceptance probability. These marginal entrants
produce more papers than they would at the lower tier, because top-tier prestige raises
the marginal benefit of each submission even though acceptance is unlikely. The aggregate
incremental cost therefore swings positive.

At the per-journal level, scholars do submit fewer papers to top-five journals than to
field journals, but the model does not capture multi-journal portfolios in which the same
scholar simultaneously targets venues of different tiers. Quality is also fixed per scholar, so

the model cannot represent a deliberate choice to allocate more effort toward one ambitious
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paper and less toward several routine ones. These simplifications mean that the negative
incremental cost reflects the cost saving from reduced per-journal output, not a prediction

about a scholar’s total research production.

Conclusion

Researchers choose effort and Al adoption, journals incur review costs per submission, and
the planner selects capacity and fees to internalize submission externalities while accounting
for the social value of published output, production costs, and screening costs.

Under joint optimization of capacity and fees, welfare is monotonically increasing in Al
productivity . Al affects the journal system through three channels: reducing production
costs (quantity), improving paper quality (the quality augmentation a(y) = wqy log(1+7)),
and reducing review costs. Optimal capacity rises from C* = 89 to C* = 135 as Al-enhanced
quality raises the social value of each publication slot. Optimal fees follow a U-shaped
trajectory: rising from $350 to $460 as quality compression expands the participant pool,
declining to $370 as review costs fall, then rising sharply to $1,050 as quality compression
dominates at high ~.

Submission fees are the primary policy instrument. Without fees, the quality compression
from Al eventually collapses the system: welfare peaks at moderate v and then declines as
submissions flood uncontrollably. Even when AI referees reduce review costs to zero, fees
remain positive at every =, because they stabilize the prestige feedback loop and screen
on the extensive margin. The optimal fee 7 = 4.2 at v = 1 is below the per-submission
review cost (1) ~ 8.1, so the fee does not fully internalize direct review costs; it acts as a
congestion-screening instrument, not a standard corrective tax.

Production cost accounting determines these results. Welfare counts only the incremental
cost of top-tier participation, the effort each scholar exerts above what the same scholar

would exert at the lower tier. In prestige journals with tournament competition, lower-tier
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production happens regardless of the focal journal’s policy. The sign of this increment is
endogenous: negative with fees (top-tier participants concentrate into fewer papers) and
positive without them (marginal entrants produce more). The sign reversal arises through
general equilibrium composition effects.

Both fee adjustment and capacity expansion contribute to translating Al productivity
gains into welfare gains, with fee adjustment playing a central role through its effect on

submission composition and screening.
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A Model Derivations

A.1 Cost Minimization

1/0

With the production constraint e + v\ = n'/?, the KKT conditions yield two regimes:

e No-Al regime (A = 0): If the target n < n*!(k), the scholar uses only human effort:
e=n'’
e Al regime (A > 0): If n > n®l(k), the scholar uses the cost-minimizing level of human

effort e* = k/(cy) and adjusts Al adoption A to meet the paper target.

Cost minimization yields an explicit piecewise minimum cost function:

§n2/9, n < nA(k) (A=0),
C(n; k) = (A1)
Epl/0 — 5, m>nl(k) (A >0).

The derivatives are:

/ en?/0=1 - n < nf(k), ) ¢(2-1)n¥2 >0,
C'(n;k) = C'(n;k) = (A2)
%nl/e_l, n > n(k), % (% — 1) n'/0-2 > 0.

At n = n*!(k), both the cost and its derivative are continuous (both branches coincide),
so C(n; k) is C' and strictly convex in n for all k& > 0. The cost function does not depend on
quality ¢: quality is exogenous and does not affect production costs.

With 6 = 1/2, the cost function simplifies. In the no-Al regime, C(n; k) = (¢/2)n*, which

is a quartic. In the Al regime, C(n; k) = (k/v)n* — k*/(2¢y?), which is quadratic in n.

A.2 Outside Option: Closed-Form Solutions

Because the lower-tier problem has the same cost structure as the top-tier problem, the

optimal lower-tier output n = takes the same functional form as n* (Section 3.2) with

Al



(Viow, Plow: Tiow) Teplacing the endogenous (V(Gpub), P(gefr, Geut), 7). With o = =0 = 1/2

and 7, = 0, the closed forms are:

* . ‘/low\/ Dlow - eft 27 A
nlow,noAI‘nOW:O - T ) ( 3)

% v ‘/low\/ DPlow - eft 23 A
nlow,AI Tlow=0 = Ak : ( 4)
The regime selection follows the same logic: nj,, = njy oar I Moy noar < n?(k), and

Mow = Mow, a1 Otherwise.
The scholar’s top-tier submission choice, denoted n**, is:
n* (Q7 k’ Geut s gpub) if U Z Uf;W

n** (q7 k? Geut ijub) = (A5)

0 if U < Uy,

where n** = 0 means the scholar targets the lower tier instead, producing nj,, papers there.
The submission choice is an allocation decision, not a production decision: every scholar
produces research regardless; the question is which tier to target. U, (¢, k) depends on the
scholar’s type (g, k) but not on the focal journal’s equilibrium objects (geut; Gpub, 7). The
equilibrium system therefore remains a single-journal fixed-point problem with the same two
equations (capacity clearing and quality consistency), with only the participation boundary
redefined.

This framework has three implications. The first-order condition (Equation 11) is un-
changed: conditional on submitting to the focal journal, the scholar’s optimal number of
papers n* is the same as before. The outside option affects only the extensive margin (who
submits), not the intensive margin (how many papers). Scholars with low intrinsic quality
(q) or high private costs for Al (k) are more likely to prefer the lower tier. Low-¢ scholars
face low acceptance probability p(qesr, ¢eus) at the focal journal and low value per acceptance

/e, making the lower tier relatively attractive. High-k scholars face high production costs

A2



C(n;k). A high quality cutoff g., or a high submission fee 7 amplifies these effects. The
per-submission fee screens through two channels: it excludes marginal types from participat-
ing (extensive margin) and reduces the number of papers produced by each active scholar
(intensive margin). The intensive margin effect is absent with lump-sum entry fees, which
affect only participation. The per-paper structure gives the planner a two-margin policy
instrument, since raising 7 reduces both the number of participants and the output per
participant.

The outside option creates an extensive margin for fees. Without an outside option,
all scholars would participate regardless of fee level, and fees could only reduce output per
scholar (the intensive margin). With the outside option, fees screen out marginal scholars
who would earn higher utility at the lower tier. This screening drives incremental production
costs negative: high-benefit participants concentrate into fewer, more targeted papers than
they would produce at the lower tier. The outside option also clarifies the welfare accounting:
production costs at the lower tier are incurred regardless of the focal journal’s policy, so the

planner counts only the incremental cost of top-tier participation.

A.3 Selection Premium Derivation

For a paper with baseline quality ¢, the joint distribution of (girue; Gobs) = (¢ +u, g+ u+¢) is
bivariate normal. Conditional on acceptance (gobs = geut), the expected true quality follows

Equation 17 in the main text. The derivation follows from the standard truncated bivariate

2

normal result: the covariance between guue = ¢+ w and gops = ¢+ u + € is o]

(since u
is the common component), and truncating a bivariate normal on one variable shifts the
conditional mean of the other by (Cov/0truncated) - 1(2).

The selection premium (Equation 18) has three properties. It is always non-negative
(h(z) > 0 for all z). It is largest for papers near the cutoff (¢ & geut), Where selection is

most severe. It vanishes for papers far above the cutoff (¢ > geu), since those papers are

accepted regardless of u. The signal share s controls the magnitude: when s = 0 (all noise is

A3



evaluation noise), the premium vanishes because there is no within-paper variation to select

on; when s is large, the journal can effectively cherry-pick papers with favorable idea draws.

A.4 Equilibrium Existence

A capacity C' is feasible only if it does not exceed the maximum possible acceptances when
the cutoff is arbitrarily low, that is, when p(geft, geut) — 1 for all types. Let dpup denote the
prestige-consistent average quality induced when all papers are accepted. Under p =1, g,
is the fixed point where (i) prestige V(gun) determines production choices and (ii) those

choices with p = 1 yield average quality Gub,. Then:

C < O™ (r, 7 / / (g, b e — —00, %) - £, ) dg dk, (A6)
7

)

where the integral is taken over the participation set

IP(’V?T) = {(q> k) ’ U*(Q7 k) 2 UIT)W(CL k)}

Since n**(q, k) = 0 for types outside the participation set, only scholars who prefer the focal
journal contribute. For C' > C™** the journal would have unfilled capacity. In our analysis,
we restrict attention to the feasible range C' € (0, C™].

The maximum capacity C™* depends on both Al productivity v and the submission fee 7
through the participation constraint. Higher fees reduce participation through two channels:
the per-paper fee raises effective marginal cost (reducing n*) and the total fee burden 7 - n*

reduces surplus. A type-(q, k) scholar participates if and only if:
(g, k,v,7) =gV -Vn* —C(n* k) —7-n* — F*° > Uy (q,k), (A7)

where II(q, k,v,7) is the net top-tier surplus (benefit minus variable cost minus fees minus

fixed cost) at the optimal n*(7). When 7 = 0, the first-order condition yields closed-form

A4



surplus expressions in each regime:

7

~ B — FP»e, no-Al regime,
I 7=0 - 3 kg <A8>
1 B+ 20 — FP»e Al regime,

where B = /pq-V - v/n* is gross benefit. With a = 3 = 6 = 1/2, the cost-to-benefit ratio at
the optimum is #3/2 = 1/8 in the no-Al regime and 65 = 1/4 (for the variable component)
in the Al regime, yielding surplus fractions of 7/8 and approximately 3/4 respectively. The
constant offset k?/(2¢y?) in the Al regime is the cost saving from substituting AI for effort
at the margin; it is type-specific but small relative to B for most scholars. For 7 > 0, the
surplus must be evaluated numerically at the optimal n*(7) obtained from the first-order
condition. The participation set P(v, ) consists of all (¢, k) pairs where II > U} (q, k).
The participation surplus yields the necessary and sufficient condition for equilibrium

existence. The maximum fillable capacity is:

C™™(y,7) = //PW) n*(q, k,7y,7) - fq,k)dqdk, (A9)

where n*(q, k,~y, T) solves the first-order condition Equation 11. At 7 = 0, the closed-form
solutions from Equations A10-A11 apply directly; in general, the integral is evaluated via
quadrature.

An equilibrium within the feasible range exists because the best-response functions are
continuous and bounded. For a given capacity C, the supply of accepted papers is contin-
uous in (geut; Gpub), €xceeds C' when gey is sufficiently low, and falls to zero as geu, — 0.
The continuous type distribution ensures that supply varies smoothly with g.., avoiding the
jumps that arise in discrete-type models when a mass of agents enters or exits. By the Inter-
mediate Value Theorem, there exists a (¢, q;ub) that equates supply to C' while satisfying

prestige consistency.
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A.5 Analytical Thresholds and Limiting Cases
A.5.1 Optimal Output and the Role of Fees

The first-order condition (Equation 11) equates marginal benefit to effective marginal cost
C'(n;k) + 7. When 7 = 0, the condition yields closed-form solutions in each regime. With
0 = 5 =1/2, the exponents simplify.

No-Al regime (n < n*!(k)): Using C'(n; k) = $n?/?~! = 2cn?,

/7
. VPa-Vi®
= . A10
TnoAl |T:0 |: 4e ( )
The exponent 1/(2/0 — ) =1/(4—1/2) = 2/7 governs how output responds to the benefit-
to-cost ratio.

Al regime (n > n*(k)): Using C'(n; k) = %nl/e_l = 2n,

ES
LUIN

v PV 2/3
e | (A1)
The exponent 1/(1/6 — ) = 1/(2 — 1/2) = 2/3 is larger, reflecting the lower curvature of
the Al-regime cost function and hence greater output responsiveness to incentives.

When 7 > 0, the additive fee term 7 in the first-order condition breaks the power-
law structure that enables these closed forms. The optimal n*(7) must then be obtained
by solving the FOC numerically (a one-dimensional root-finding problem for each type),
with the 7 = 0 closed forms serving as upper bounds. The solution algorithm computes
n*|—o as an initial bracket and applies Newton’s method; convergence is rapid (typically
3-5 iterations) because the objective is strictly concave.

The scholar’s optimal choice follows a simple sequence. First compute the Al adoption
threshold n*'(k) = (k/(cvy))"2. When 7 = 0, compute the two candidate closed-form so-

lutions n} ,; and nj; and select the regime-consistent one; when 7 > 0, solve the FOC
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numerically in each regime:

* : * Al
ThhoATs if oAl S n (k)7

n* = (A12)

ni, if niy > n?(k).

Finally apply the submission condition: n** = n* if U*(q,k) > U} (¢, k), else n** = 0 (the

scholar targets the lower tier instead).

A.5.2 The Participation Threshold

The condition U*(q, k; qeut, Gpub, T) = Uk, (¢, k) defines the boundary of participation for each
agent type. This implicit equation defines the participation set P(geut, Goun, 7) in the (g, k)
space. For any given quality cutoff g.,, there is a minimum set of agent characteristics (high
q, low k) required to prefer the focal journal over the lower tier. Scholars with high quality ¢
benefit from both higher acceptance probability p(geg, ¢eus) and higher value per acceptance
V/Geft, making top-tier participation more attractive. Scholars with low Al cost k face lower
production costs C(n; k), which raises surplus at both tiers but disproportionately benefits
the top tier (where optimal output is higher). This threshold determines which agent types

submit to the focal journal rather than the lower tier.

A.5.3 The Role of Noise and the Limiting Zero-Noise Case

Two sources of randomness enter the model: within-paper quality variation u ~ N (0, 02) and
evaluation noise e ~ N(0,0?). These enter the model through two sufficient statistics: the
total noise scale o = \/W , which governs the steepness of acceptance probabilities, and
the signal share s = 02 /02, which controls the selection premium magnitude (Equation 18).
Within-paper variation (captured by s > 0) generates the selection premium that raises
expected published quality above baseline. Evaluation noise (captured by 1 — s) reflects
the stochasticity of peer review (referee taste, subfield-specific norms, measurement error).

The combined effect through o7 generates smooth acceptance probabilities, matching the
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uncertainty researchers face.

Incorporating noise yields three advantages. It generates smooth acceptance probabil-
ities, so a high-quality paper is not guaranteed publication and a lower-quality paper is
not doomed to rejection. It avoids the bunching phenomenon of deterministic models and
produces a smooth distribution of paper quantities across scholar types, which is more empir-
ically plausible. It also delivers heterogeneous success rates: scholars with different quality
types ¢ face different acceptance probabilities p(gesr, ¢eut), Creating stratification in publica-
tion outcomes even among equally productive scholars.

The model with noise requires a numerical solution. As both noise variances go to zero,
the framework simplifies to a deterministic quality-bar model that serves as a theoretical
benchmark. As or — 0, the probit acceptance probability ®((q — geut)/o7) converges to a
step function: it is 1 if ¢ > g.w and 0 otherwise. The selection premium also vanishes in this
limit, since s - o7 — 0 eliminates within-paper variation.

In this zero-noise limit, the scholar’s problem simplifies. Papers with baseline quality ¢
are either always accepted (¢ > geyt) or never accepted (¢ < geus). Scholars of type ¢ < geut
target the lower tier instead, since p(ges, ¢eut) = 0 at the focal journal yields zero benefit
there. Scholars of type ¢ > qeus face p(qefr, geus) = 1 at the focal journal and, conditional on
choosing to submit there rather than to the lower tier, produce papers until marginal benefit

equals marginal cost:

1

5\/q/n V(Gow) =C'(n; k) + 7. (A13)
The noisy evaluation model is therefore a more general framework that nests the simpler

threshold-based model as a limiting case.

A.6 Comparative Statics

Applying the Implicit Function Theorem to Equation 11 yields comparative statics and

predictions for the numerical implementation. The results below hold for all 7 > 0.
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We rewrite the first-order condition as an implicit function, H, set to zero at the optimum.

Let V' = V(Gpub) and p = p(gefr, gent) throughout this subsection. Then:

d k
H(” Q7k QCuta‘/T VPQeff/n V- < Cg; )+T) =0. (A14)

N J/

Marglnal Benefit
Effective Margmal Cost

The second-order condition for a maximum ensures that 0H/0n < 0 at the optimum. By the
Implicit Function Theorem, the effect of a change in any parameter (say, ) on the optimal

choice n* is given by:
dn*  OH/Ox
de ~ OH/on’

(A15)

Since the denominator is negative, the sign of the effect is determined purely by the sign

of 0H/0x. For Al productivity, an increase in 7 lowers the marginal cost % while leaving
marginal benefit unchanged, so %—g = —a(aL,YC) > 0 and:
d *
"o (A16)
dry

Higher AI productivity increases paper production. For quality, higher ¢ raises marginal

benefit through both p(gef, geut) and /g while leaving marginal cost unchanged, so:

OH 1% 1 dp
Dl . . +p| >0, A17
g 2/ 2\/pgen {q "oger " (AL7)
which implies:
dn*
0. A18
> (A15)

Higher-quality scholars produce more papers. For costs, a higher Al cost k or effort cost ¢

raises marginal cost, so 2L < 0 and 8H < 0, leading to:
dn* dn*
0 d 0. A19
ak =0 e e s (A19)
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Scholars facing higher costs produce fewer papers. For the quality cutoff, marginal benefit

depends on p(qefr, Geut), and an increase in gey, lowers p, so:

OH V. Jam op Vi ()

= = — <0, A20
aQCut 2\/5 2\/ﬁ a(]cut 4\/ np ar ( )
which implies:
dn*
< 0. A21
dQCut ( )

A higher cutoff discourages paper production. For prestige, V(goub) enters marginal benefit

multiplicatively and does not affect marginal cost, so:

OH 1
=,/ A22
implying:
dn*
: A2
T 0 (A23)

Higher prestige increases paper production, holding q., fixed. For the submission fee, 7

enters the effective marginal cost directly:

OH
=1 A24
which implies:
dn* 1
= 0. A25
dr _ 9Hjon * (A25)

Higher per-submission fees reduce paper production for every scholar type. By the envelope

theorem, the utility cost of a marginal fee increase is:

auvr
dr

—n*, (A26)

which is type-dependent: more productive scholars (higher n*) bear a larger cost per unit
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fee increase. The intensive margin response distinguishes per-submission from lump-sum
fees. With lump-sum fees, 7 would not appear in the first-order condition at all, and higher
fees would affect only participation, not per-scholar output. Per-submission fees operate on
two margins for the social planner: raising 7 reduces total submissions through both fewer
participants and fewer papers per participant, improving average quality but at the cost of

lost output.

B Numerical Implementation

This appendix describes the numerical methods used to solve the model and compute equi-

librium outcomes. The implementation is available in the numerical/ directory.

B.1 Overview of Solution Strategy

The numerical solution proceeds in three stages:

1. Scholar optimization: For each type (¢, k) and equilibrium values (geut, Gpub), compute
optimal paper production n**(q, k). When 7 = 0, closed-form solutions apply; when

7 > 0, a one-dimensional root-finding step is required.

2. Equilibrium computation: Solve the 2-equation system (g, @,,) using numerical root-

finding with analytical Jacobians.
3. Welfare optimization: Search over (C, ) pairs to find the welfare-maximizing policy.

At 7 = 0, the scholar’s problem admits closed-form solutions in each cost regime. At
7 > 0, the per-submission fee breaks the power-law structure, requiring a numerical root-
finding step for each scholar type. This inner solve is fast (3-5 Newton iterations) because

the objective is strictly concave.
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B.2 Scholar’s Optimization: Closed-Form Solutions

Given equilibrium values (geut, Goup) and individual characteristics (g, k), the scholar maxi-

mizes:

max U(”) =vn: p(qeffa QCut) ’ V(q_pub) *V Qeff — C(”v k) - F(?ase — TN (A27)

n>0

where ¢or = g + a(y) is the Al-augmented effective quality (Equation 2), p(gef, Geut) =
®((qgeft — Geut)/0o7) is the probit acceptance probability, FP®° is the baseline entry cost, and
T is the per-submission fee.

B.2.1 Piecewise Cost Function

The cost function has a kink at the Al adoption threshold n*!(k) = (k/(cv))?:

en??, n < n?(k)  (no Al)
C(n: k) = (A28)
%nl/e — 2'2,2;2, n > n’l(k) (with AI)

B.2.2 Optimal Output

The first-order condition equates marginal benefit to effective marginal cost C'(n; k) + 7.
When 7 = 0, each regime yields a closed-form solution:

No-Al regime (if solution satisfies n* < n*(k)):

VPa- V] o’ (A29)

* —_—
nnoAI|7—:0 - { Ac

Al regime (if solution satisfies n* > n?I(k)):

*
LON;

o= [T (430

When 7 > 0, the additive fee term breaks the power-law structure. The optimal n*(7) is
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computed by bracketed Newton iteration on the FOC, using n*|,—¢ as an upper bound (fees
can only reduce output). Convergence is typically achieved in 3-5 iterations.

The algorithm selects the regime-consistent solution and applies the participation con-
straint. Each scholar’s probability of targeting the top tier is ®((Uy,, — Uy,,)/¢) with ¢ = 0.1

(Section 8); the effective output is n™* = n* - (U, — Uy,,) /().

B.2.3 Lower-Tier Optimal Output

The lower-tier optimal output nj, is computed with the same algorithm as the top-tier n*,
substituting the exogenous lower-tier parameters (Viow, Plow; Tlow) for the endogenous top-tier
values (V(Gub ), P(Geft, Geut), 7). When 7io, = 0, the closed forms from Equations A3-A4 apply
directly, and the regime selection uses the same Al-adoption threshold n*!(k). Because the
lower-tier parameters are exogenous, n;, . does not depend on the focal journal’s equilibrium

and needs to be computed only once per scholar type.

B.3 Numerical Integration: Gauss-Legendre Quadrature

Rather than uniform trapezoidal integration, we use Gauss-Legendre quadrature for im-
proved accuracy with fewer nodes. For n nodes, Gauss-Legendre achieves O(h?") accuracy
versus O(h?) for trapezoidal rules.

Standard Gauss-Legendre nodes & € [—1,1] with weights w; are mapped to the type

space:

Gmax — Gmin Gmax + Gmin
i = i A3l
q 5 Gt 5 (A31)
12)3 _ Gmax ; Gmin w, (A32)

and similarly for k. Aggregate quantities become:
Ng ng

J[ sa s mydadim S0 ok fula) syt (A33)

=1 j=1
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Our baseline uses n, = nj, = 20 nodes (400 type evaluations per equilibrium iteration).

B.4 Equilibrium Solver

The equilibrium is defined by two equations:

Fl (QCuta qub) = S(chta qub> -C=0 (A34)

F2(chta (jpub) = Q(QCutv qub) - qub : S(chta qub> =0 (A35)

where S = [[ n*p f dqdk is total accepted papers and Q = [[ n*p- [gegr + A(Gest, Geut)] [ dq dk
is total expected true quality, with A(gefr, geut) = S - 01 + h((geut — et) /07T) the selection

premium from within-paper quality variation (s = ¢2/0%).

B.4.1 Solver Method

The system is solved by bisection on g, (to satisfy the capacity constraint S = C') with an
inner fixed-point iteration on g,u, (to satisfy the quality-consistency condition Gpu, = Q/9).
The solver typically converges in 10-20 iterations with tolerance 107!, Warm starting

from neighboring capacity values reduces iterations by 30-50%.

B.5 Joint Optimization over Capacity and Fee

The planner’s problem is:

max SW(C,7; ) = = [Qpub)® — IncProdCosts — 7(7) - Nywpmit — # - C' — %Cz (A36)

m3

B.5.1 Grid Search Algorithm

For each value of «, the optimal policy (C*, 7*) is found via two-dimensional grid search:
Fee grid: 7 € {0,0.5,1.0,1.1,1.2,...,4.0,4.5,5.0,6.0,8.0,10.0} (38 values, with step 0.1

in [1,4] near the optimum)
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Capacity grid: C' € {20,21,22,...,210} (191 values, step size 1)
For each (7,C') pair, the algorithm solves the equilibrium system and evaluates social
welfare. The globally optimal (C*, 7*) is the pair achieving maximum welfare. Warm starting

from neighboring grid points accelerates convergence of the equilibrium solver.

B.6 Validation

We validate the implementation through:
1. Continuity checks: Cost function continuous at n = n*!(k) to machine precision.

2. Comparative statics: Optimal output n** increases in ¢, decreases in k, and decreases

in qey, consistent with theory.
3. Equilibrium uniqueness: All tested (C, 7,v) combinations yield unique equilibria.
4. Calibration target: C*(y = 1) = 100 achieved at the calibrated (7, ).

5. Fee validation: Optimal per-submission fees 7* at baseline v match observed $200-500

at top journals.

6. Adoption share: At v = 1, the computed share of participating scholars in the Al

regime (i.e. with n* > n*(k)) is approximately one-half.

C Diagnostic Figures and Discussion

The figures below document how equilibrium outcomes respond to the submission fee, ca-
pacity, and Al productivity; they also show the welfare surface and the structure of the
equilibrium locus. All figures use the baseline calibration (Section 8) and the same grids as

the main results.
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Equilibrium versus fee (Figure A1l).

Holding capacity and v fixed, an increase in the submission fee 7 reduces participation and
submissions and can raise the equilibrium quality cutoff. Figure A1 shows how the cutoff,
average published quality, and total submissions vary with 7. Higher fees tighten the market

and improve average quality at the cost of lower volume.

Equilibrium versus capacity (Figure A2).

For a given fee and v, expanding capacity C relaxes the acceptance constraint and typically
lowers the quality cutoff while increasing the number of accepted papers. Figure A2 plots
equilibrium quantities as functions of C. The slopes of these curves reflect the planner’s
trade-off between publishing more papers and maintaining average quality. We use these
curves to verify that the numerical equilibrium satisfies the capacity constraint and the

quality-consistency condition.

Equilibrium versus v (Figure A3).

When the journal keeps (C,7) fixed, an increase in Al productivity v changes scholars’
production and participation decisions and thus shifts the equilibrium cutoff and average
quality. Figure A3 shows how these outcomes vary with v. When 7 changes, the supply
of submissions and the composition of participants shift, so the same (C,7) is no longer

optimal.

Welfare surface (Figure A4).

For a fixed ~, social welfare SW (C, 1) is a function of capacity and the fee. Figure A4 plots
this surface. The optimum (C*, 7*) is the peak of the surface. The curvature of the surface
shows how sensitive welfare is to deviations from the optimal policy and why the grid search

over (C,7) is well behaved.

A16



Branch structure (Figure A5).

The equilibrium is defined by two equations in two unknowns. As parameters vary, the
solution locus can have multiple branches. Figure A5 displays the branch structure in the
(Geut, Gpup) Plane. This diagnostic ensures that the solver selects the economically relevant

branch and that the equilibrium is well defined at all grid points.

Equilibrium locus (Figure A6).

Figure A6 shows the full equilibrium locus and its branches in the (geut, Goup) plane (or a
related projection). It complements the branch-structure figure and supports the formal

uniqueness and stability arguments in Appendix D.

Multiple-equilibria region (Figure AT).

In some parameter regions the equilibrium system can admit more than one solution. Fig-
ure A7 indicates where in parameter space multiple equilibria can arise. Under the baseline
calibration used in the main text, the solver finds a unique equilibrium at every grid point; we

include this figure for transparency and for robustness checks under alternative parameters.

Supply curves (Figure AS8).

The supply of accepted papers (or total quality supplied) as a function of the cutoff or related
variables is central to the equilibrium. Figure A8 plots these supply curves for different values
of v or policy parameters. The figure verifies that the numerical supply behavior is consistent

with the model and that the equilibrium intersection is unique where expected.

Sweep continuity (Figure A9).

When capacity or the fee varies continuously, equilibrium quantities should evolve smoothly

unless the system crosses a bifurcation. Figure A9 shows how the cutoff, average quality, or
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related variables change along a parameter sweep. Continuity of these curves confirms solver

stability and that the solution does not jump discontinuously across the grid.

D Equilibrium Uniqueness

Equilibrium uniqueness holds for the calibrated parameters. The proof verifies two condi-
tions: (A) for each cutoff e, the quality-consistency map Goun — T'(Gpub; Geut) has a unique

fixed point (prestige feedback is weak enough), and (B) the resulting reduced supply function

S(Geut) is strictly decreasing (direct selectivity dominates indirect prestige response).

D.1 Setup and Notation

The equilibrium is characterized by two equations in (geut, Gpub):

S(geut, Gpub) = C' (capacity constraint) (A37)

Q(QCut7 qub) = q_pub : S(chta qub) (quahty consistency) (A38)

where

5= [[wyrarydgar,

Q- / / 0 - Lot + Aot qout)) f(q. k) dq i

are total accepted papers and total expected true quality, respectively, where ¢og = q + a(7)
is the Al-augmented effective quality. The selection premium is A(geft, Geut) = S 07 h((Geut —

qeft) /oT), where h(-) is the inverse Mills ratio and s = 02 /02 is the signal share.
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D.2 Explicit Sensitivity Formulas

Explicit sensitivities follow from the first-order condition. Define the regime exponent. When

7 = 0, the closed-form solutions yield a constant:

2 - 3=35 (no-Al regime)
Do = (A39)

5—08=15 (Al regime)

for our parameters 0 = 1/2, 5 = 1/2. When 7 > 0, the fee term in the FOC makes the
effective exponent type-dependent. Implicit differentiation of M B(n) = C'(n; k) + 7 gives:

C//(n*) . n*

Deff(q7 k77—) = (1 _6)+ma (A40)

where the second term captures the curvature of effective marginal cost. At 7 = 0, this
reduces to Dy. As 7 increases, Doy decreases toward (1 — ) = 0.5, because the constant fee
dominates the curvature of production cost. We write D for the effective exponent in what

follows, noting that all formulas hold with D = Dy at 7 =0 and D = Dt at 7 > 0.

D.2.1 Sensitivity to Cutoff

The optimal output n* depends on the acceptance probability p(ges, geut) = P(z) where

2 = (Qeff — Geut)/or. From the closed forms:

dmn* B 1 9 B éz) B h(—2)
- . _. — L . — . , A4l
aQCut D p ac]cut D ar - p D or ( )

where Op/0qen = —¢(2)/or from the probit acceptance probability and h(—z) = ¢(2)/P(z)
is the inverse Mills ratio evaluated at —z. The contribution to supply from type (¢, k) is

n*p, so:

acIcut B ar

= +n D

d(n*p) on* ., Op  n'¢(2) B
aQCut —p8QCut (1+ ) (A42)
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Integrating over types:

a8 1
A (1 - %) // n*¢(z) f(q,k)dgdk <0 (A43)

D.2.2 Sensitivity to Average Quality (Prestige Effect)

The prestige function V(Gpu) = Voq_‘;ub enters the closed forms multiplicatively:

Jlnn* 1 0lnV
ﬁ D’ an;ub "D 'SOqub' (Ad44)
Therefore:
agib =5 "";pub / / n*p f(q, k) dgdk = DQO. '_ib >0 (A45)
D.3 Condition A: Unique Quality Consistency
For fixed ¢.y, define the quality-consistency map:
T(q; Gent) = % (A46)

where () and S are the total quality and total acceptances from Equations A37-A38. A fixed
point § = T(G; geut) is a quality-consistent average. Uniqueness of ¢ for each ge, requires
|0T/0q| < 1.

Joub enters @ and S only through prestige V(Gpun) = %cjlfub, which scales n* multiplica-

tively. Since n* o« VP, both @) and S scale with the same power of V:

dln@Q JdlnS o
dlng 9dlng D’ (A47)

Therefore 9T/0q = [S - 0Q/0q — Q - 3S/0q]/S? = 0 to leading order: prestige scales the
numerator and denominator of "= Q)/.S equally, so the ratio is independent of §.

The only residual dependence arises through the participation boundary 0P, which shifts
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as V(q) changes (higher prestige draws in marginal types). This boundary effect is second-
order for the continuous type distributions we use, because the density of types at the par-
ticipation margin is bounded and their contribution to /S is small relative to the interior.
For our calibration, 9T/0q < 1073, so Condition A holds.

The outside option strengthens this result: any fixed point must satisfy V(q;ub) > Viow
(otherwise no scholar would prefer the focal journal), which implies ¢}, > (Viow/ Vo)/#. The
outside option eliminates low-quality fixed points and restricts attention to a compact region

where T is well-behaved.

D.4 Condition B: Monotone Reduced Supply

With Condition A established, define Gpub(geut) as the unique solution to quality consistency

Equation A38 for fixed gy, and the reduced supply:

S(qcut) = S(chta ijub(QCut» . (A48)

Proposition 2 (Uniqueness Condition). If dS/dqew < 0 for all qew, the equilibrium is

unique.

Proof. The equilibrium solves S (geut) = C. A strictly decreasing function crosses any hori-
zontal line at most once. Combined with existence (intermediate value theorem), uniqueness

follows. OJ

D.5 Verifying Condition B

By the chain rule:
as 0§ IS dyus

dqcut B a(]Cut acjpub dQCut ‘
SN——" ——

Direct (<0) Feedback (>0)

(A49)

A21



Uniqueness requires the direct effect to dominate:

oS 0S  dgpw
. . A50
‘ aqcut aijub dqcut ( )
D.5.1 Bounding the Locus Slope
From quality consistency, gou, = @/S. Differentiating:
dgpu, 1 ( 0Q _ 0S8 ) 1 ( oQ _ 08 )dqpub
=<l\ls— " GHwya— |t 5|50 — huwyz— . A51
dqcut S ac]cut ks baqcut S 8(]pub Ky baqpub dQCut ( )

Since neither ¢ nor the selection premium A(gef, geut) depends on Gpup, we have 0Q /0Gpun =

Jpub * 05/ 0Gpun, so the second term vanishes:

(A52)

=<l ~wy —
dQCut S aQ(zut P

dqpub_1<ac2 _ 85)
a(]cut .

Using 0Q/0qew = [[[der + A - O(n°p) /0wt f dg dk + [[ n*p - DA [Dqens f dg dk, we can

write:
o _ 0S / / ., d(n*p) / / 0A
— — b= = of + A — Goun) ——— f dg dk + * dq dk. Ab3
8qcut qp baQCut <[q . ] qp b) aQt:ut f q " paQCutf q ( )

The first integral is positive because 9(n*p)/dqcyy < 0 and high-quality types (¢ + A >
Jpub) have higher acceptance rates and are thus more affected by cutoff changes. The second
integral captures the mechanical response of the selection premium to the cutoff: OA/Jqey >
0 (a higher cutoff strengthens selection, raising the premium), which further increases the

numerator. Together, these two terms imply dgpun/dqeut > 0.
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D.5.2 Verifying the Uniqueness Inequality

Substituting Equations A43, A45, and A52 into Equation A50:

é (1 4 %) //n*gb(z)qudk: > = "’;pub -%//([qeﬁA]—cjpub)

The selection premium terms in the numerator of the RHS make this condition tighter

d(n"p)
6(]cut

fdgdk. (A54)

than the case without within-paper variation, but the effect is bounded. Rearranging, unique-

ness holds if:

D+5 _ Cov(lger + Al, |d(n"p)/dgeu])
2 (jpub ' E[n*gb(z)]

(A55)

D.6 Evaluation for Calibrated Parameters
For p =125 =1/2,0=1/2:

e At 7 = 0: In the no-Al regime, D = 3.5, so (D + §)/¢ = 4.0/1.25 = 3.2. In the Al
regime, D = 1.5, so (D + 3)/p =2.0/1.25 = 1.6.

e At 7> 0: Dog > 0.5 for any finite 7, giving (Deg+ )/ > 1.0/1.25 = 0.8. In practice,
for the fee values in our calibration (7 < 3.2), D.g remains well above 0.8 for most

scholar types.

The right-hand side of Equation A55 is bounded above by (¢r + Amax — Gpub)/Gpun- The
selection premium A is bounded by s-o7-h(z) and is small in equilibrium (typically A < 0.5).
For our quality distribution (support [0.5, 5], equilibrium g, ~ 4.8), the crude bound gives
approximately (5+ 0.5 —4.8)/4.8 ~ 0.15.

At 7 =0, the LHS in the Al regime is 1.6 > 0.15, so uniqueness holds. At positive fees,
D.g declines, but the crude bound overestimates the actual RHS because the covariance
term in Equation Ab5 is a weighted average over the type distribution, not the maximum
deviation. For the fee values in our calibration (7 < 3.2), the numerical equilibrium solver

confirms uniqueness at every grid point (convergence from multiple initial conditions to
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the same solution). The uniqueness condition Equation A55 holds for all fee levels in our

analysis: analytically for 7 = 0 and numerically for 7 > 0.

D.7 When Would Multiple Equilibria Arise?

From Equation A55, multiple equilibria require:

©p > D.g + 6 (A56)

At 7 = 0, this threshold is Dy + 8 = 2.0 to 4.0. At positive fees, D.g declines, making the
condition marginally tighter. In the limiting case 7 — oo, the threshold is (1 — ) + 5 =1,
so ¢ > 1 would be needed for multiplicity, which our calibration (¢ = 1.25) approaches but
does not violate because the RHS of the full condition Equation A55 remains small.

The selection premium does not create a new feedback loop for multiplicity. Because
A(geff, geut) depends only on (gesr, Geut, O, o) and not on Gpuy, it enters the quality-consistency
condition mechanically rather than through the prestige channel. Its effect on the RHS of
the uniqueness condition is bounded and small for our calibration.

Multiple equilibria would arise with:

e Very high prestige convexity (¢ > 2), implying citation ratios that grow quadratically

or faster with selectivity.
e Low diminishing returns (6 — 1), reducing the regime exponent D.

e Extreme fees combined with ¢ close to 1, though in practice the quality distribution’s

compactness keeps the RHS small enough to maintain uniqueness.

Our calibration (¢ = 1.25 from empirical citation data, § = § = 1/2) places the model

in the unique equilibrium region for all fee levels encountered in our analysis.
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E Extension: Desk Rejection as a Screening Instru-
ment

At leading economics and finance journals, editors desk-reject 50-70% of submissions before
sending them out for peer review.! Desk rejection acts as a first-stage screen: only submis-
sions that survive the editor’s initial assessment proceed to the costly refereeing process. The
baseline model in Section 3.2 abstracts from this stage, combining all evaluation noise into a
single probit acceptance probability p(gefr, Geut) = P((Geff — geut)/or) from Equation 5. This
appendix extends the model to include desk rejection as a separate screening instrument,
and analyzes its interaction with submission fees. The baseline model’s qualitative results

carry over to this extension.

E.1 Desk Rejection Technology

The editor observes a noisy signal of each submitted paper’s quality before deciding whether

to send it for review. For a paper with baseline quality ¢, the desk signal is
Qdesk = qeff + 1, v~ N(Oa 0—3)7 (A57)

where v is the editor’s assessment noise, independent of both the within-paper quality vari-
ation u and the referee evaluation noise ¢ from the baseline model. The desk decision relies
on a cursory reading (the introduction and main contribution), while the review process
involves detailed verification and expert judgment. These are informationally distinct tasks.

The editor sets a desk-rejection threshold d: papers with qqesk > d pass to the review

stage, and papers with gqesx < d are desk-rejected without review. The probability that a

1. For example, Card and DellaVigna (2013) document desk-rejection rates of approximately 60% at the
American Economic Review, and similar or higher rates are reported at the Quarterly Journal of Economics,
Journal of Political Economy, and top finance journals. The editor’s desk decision is typically based on a
quick read of the abstract, introduction, and main results.
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paper with effective quality g.¢ passes the desk stage is

of — d
Pi(gett, d) = Pr(ges + v > d) = @ (q d ) : (A58)

O0d

This has the same probit structure as the baseline acceptance probability, with o4 governing

the precision of the desk screen.

E.2 Two-Stage Acceptance and Scholar’s Problem

A paper must pass both the desk stage and the review stage to be published. Because v is
independent of (u, €), these two events are conditionally independent given ¢, and the overall

acceptance probability is the product

eff — d eft 7 Yeu
ptotal(q-effa d7 QCut) = pd(Qeffa d) ) p(Qeffa QCut) =& (q 4 ) - @ (M) . (A59)

04 ar

The overall acceptance probability is the product of two probit terms, each with its own
threshold and noise scale. The desk stage screens on the editor’s signal; the review stage
screens on the referee’s signal. A paper can fail at either stage.

The scholar’s optimization problem becomes

max U(TL, q, k) = \/n : ptotal(q.effa d7 QCut) : V(qub) RV Geff — C(na k) - F&)ase —T- N, (A60)

n>0

which has the same structure as the baseline (Section 3.2) with pgar replacing p. The

first-order condition is

1\/ptotal(Qeff7 d, QCut) * eff

5 . -V (Gow) =C'(n; k) + 7. (A61)

Comparing Equation A61 with Equation 11, the only change is that the effective acceptance

probability entering the scholar’s benefit is now piota1 = pa - p < p. For a given quality cutoff
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and prestige level, desk rejection reduces each scholar’s effective acceptance probability,

which lowers optimal output n* and makes participation less attractive.

E.3 Modified Welfare Function

Desk rejection changes the welfare function (Equation 23) in two ways: it reduces the number
of papers that reach the review stage, and it introduces a new cost for the editor’s desk
evaluation.

The number of papers reaching the review stage is no longer equal to total submissions.

Define

Nsubmit<C> T, d) = /\/P n** (CL k) . f(Q7 k) d(] dk? (A62)

Nreviewed<Ca T, d) = //73 Tl** (Q7 k) : pd(Qa d) : f(Q7 k) dq dkv (A63)

where Ngupmit is total submissions and N,eviewea is the number that pass the desk and proceed
to refereeing. In the baseline model without desk rejection (d = —oo or equivalently p; = 1),

N, reviewed — N, submit -

The extended welfare function is

SW(C,1,d; ) = [qubF —IncProdCosts — r(7) - Nreviewed — T'd * Nsubmit — KC — %CQ, (A64)

m 3

where 74 > 0 is the per-submission cost of the editor’s desk evaluation (reading the abstract
and introduction, forming an initial assessment) and 7(7y) - Nieviewea 18 the review cost applied
only to papers that survive the desk stage. The desk cost r; is paid for every submission,
while the review cost 7(7y) is paid only for the fraction Neviewed/Nsubmit that passes the desk.

The planner now optimizes over three instruments:

(C*(), 7 (7): (7)) = arg max SW(C.7.d; 7). (A65)

i )
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The capacity constraint and quality consistency conditions generalize in a straightforward

way. The capacity constraint becomes

= / / 0 (0, k) - Provar (Gorrs  dent) - (g, ) da s, (A66)
P

and the quality consistency condition becomes

1
oo = 5 / / 1" (0 k) - Drovar(dets d Geut) - [t + Dty dow)] - F(as K) dq ke, (AGT)
P

where the selection premium A(Geg, Geus) = (S 07) - h((qcut — Gort)/ O'T) is unchanged from the
baseline. Independence of v and (u,e) ensures that conditioning on passing the desk stage

does not alter the within-paper quality premium from review-stage acceptance.

E.4 Interaction Between Fees and Desk Rejection

Fees and desk rejection are partial substitutes: both reduce the flow of papers into the review
system, but through different channels and with different informational properties.

Submission fees screen through scholars’ private information. A per-paper fee 7 raises
the effective marginal cost of submission (Equation A61), inducing scholars to self-select
based on their own assessment of their quality ¢ and cost type k. Scholars with low ¢ (poor
acceptance prospects) or high k (expensive production) are most affected. The fee exploits
the scholar’s joint private information about (g, k), which the editor cannot observe. From
a welfare perspective, fees are transfers: they redistribute resources from scholars to the
journal without creating a direct social cost (Section 8).

Desk rejection screens on a noisy public signal of ¢ alone. The editor observes qqesk = q+V
and rejects papers below the threshold d. This screen uses information that the editor
possesses (a noisy quality assessment) but that does not incorporate the scholar’s private cost
type k. A high-q scholar with very high production costs, who would optimally be deterred

by a fee, may pass the desk screen. Conversely, a low-¢g scholar with exceptionally low costs,

A28



whose net contribution to welfare could be positive, will be desk-rejected regardless of cost
efficiency. Desk rejection also has real resource costs: the editor’s time r, per submission is
not a transfer but a genuine expenditure.

Optimal policy therefore uses both instruments, and the availability of desk rejection
reduces but does not eliminate the role of fees. To see why, consider the limiting cases:

With d = —oo (no desk rejection), the model reduces to the baseline, and optimal fees
are given by the calibrated 7*(vy) from Section 9.

With 7 = 0 (no fees), desk rejection is the sole screening instrument. The editor must set
a high threshold d to prevent submission floods, but this screens only on noisy ¢ and ignores
cost heterogeneity. High-k scholars, whose submissions are socially costly, face no deterrent.
The result is over-submission by scholars with high production costs and under-submission
by scholars with moderate quality but low costs.

The jointly optimal policy (C*,7*,d*) uses fees to screen on the k dimension (and the
private component of ¢ assessment) and desk rejection to screen on the editor’s signal. Fees
decline when desk rejection is available, because part of the screening burden shifts to the
editor. However, fees do not go to zero: the cost dimension k, which is invisible to the editor,
still requires a price-based screening mechanism. The precise instrument mix depends on

the desk noise 04 and the editor cost 74 relative to the review cost (7).

E.5 Robustness of Baseline Results

Adding desk rejection as a third instrument weakly increases the planner’s attainable welfare,
since the baseline model is a special case with d = —oo. The qualitative patterns from
Section 9 survive, for the following reasons.

The rising optimal capacity C* reflects the balance between the marginal social value of
Al-enhanced research and the convex capacity cost (¢/2)C?. Desk rejection affects neither
the social benefit function nor the capacity cost; it changes only the composition and volume

of submissions reaching the review stage. Because the planner already has the fee instrument
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to manage submissions, adding a second screening tool shifts the instrument mix but does
not alter the fundamental capacity trade-off.

The U-shaped fee 7*(7y) reflects two competing forces: declining review costs and quality
compression from Al augmentation. With desk rejection, part of the screening is handled
by the editor, so the optimal fee at each v may be lower than in the baseline. But the
qualitative U-shaped pattern is preserved, because the forces driving it (falling review costs
at moderate 7, quality compression at high 7) are independent of whether desk rejection is
available.

Welfare rises monotonically in v under joint optimization in the baseline. Adding a
third instrument preserves monotonicity: higher v reduces review costs and increases scholar
productivity, and the planner can replicate the baseline policy by setting d = —o0, so welfare
at each y is at least as high as in the baseline. The additional welfare gain from desk rejection
is the value of the editor’s information, net of the desk evaluation cost ry.

The message that screening is indispensable also survives. In the baseline, the contrast is
between 7 > 0 and 7 = 0; with desk rejection, the contrast expands (the planner can screen
via fees, desk rejection, or both), but the core finding persists: without any screening (7 = 0

and d = —00), submission floods overwhelm the review system and welfare collapses.

E.6 Limitations of Desk Rejection as Al Increases Submissions

While desk rejection provides a screening channel, it faces a structural limitation that fees
do not: it relies on a scarce input (the editor’s attention) that degrades under load.

At a top journal, the editor (or a small team of co-editors) reads each submission to form
the desk signal gqesk. The quality of this signal depends on the time allocated per submission.
When Al increases total submissions, the editor’s time per paper falls, and the desk signal

becomes noisier. Formally, one can model this as

04 = 0-2 : g(Nsubmit>a (A68)
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where o) is the baseline desk noise and g(-) is an increasing function with g(Ny) = 1 at the
current submission volume Ny. As Ngupmit Tises, o4 increases, the desk signal becomes less
informative, and the screening value of desk rejection falls. In the limit where o4 — oo, the
desk signal becomes uninformative (p4(q,d) — 1/2 for all ¢ at any fixed d), so desk rejection
no longer screens on quality. The planner optimally responds by setting d — —o0o to avoid
randomly rejecting half of all submissions, which recovers the baseline model with only fees
and review-stage screening.

This degradation is most severe precisely when screening is most needed: at high ~, Al
makes paper production cheap, submissions rise, and the editor is overwhelmed. The editor
faces a congestion externality that mirrors the review cost externality but operates through
information quality rather than resource cost.

Fees do not suffer from this limitation. The screening power of a submission fee comes
from scholars’ self-selection based on private information (g, k), and the quality of this self-
selection does not deteriorate with submission volume. A fee of 7 = 2 deters the same
marginal scholar whether total submissions are 1,000 or 10,000. In the language of mechanism
design, fees implement a revelation mechanism that exploits the scholar’s private information,
while desk rejection is an inspection mechanism that relies on the editor’s public signal, one
that degrades as submission volume grows.

This asymmetry has a practical implication: as Al drives up submissions, the optimal
policy mix should shift toward fees (and possibly Al-assisted desk triage) and away from
manual editorial desk rejection. The baseline model’s emphasis on fees as the primary
screening instrument understates the advantage of fees over the alternative.

One partial remedy is to use Al itself to assist the desk stage, effectively reducing oy
or making it less sensitive to submission volume. If Al can replicate some of the editor’s
initial quality assessment at low marginal cost, the desk-rejection channel could scale with
submissions rather than degrade. Whether Al-assisted desk rejection introduces systematic

biases absent from human editorial judgment remains unresolved.
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E.7 Numerical Tractability

The extended model with desk rejection is computationally tractable within the existing
solver architecture (Appendix B). The scholar’s optimization problem retains its structure:
the first-order condition (Equation A61) has the same form as the baseline, with py.) replac-
ing p, and the Newton iteration for n* converges at the same rate. The equilibrium system
remains two equations in (geut, Goun) for each candidate (C, 7, d). The welfare optimization
adds one grid dimension (the desk threshold d), increasing computation time roughly in
proportion to the number of d grid points. With a grid of 10-20 values for d, the full sweep
would take 10-20 times longer than the baseline (35-70 minutes with the V4 vectorized
solver), which remains feasible.

The product-of-probits acceptance structure (Equation A59) is smooth and differentiable
in all arguments, so the analytical Jacobians used in the baseline equilibrium solver extend
directly. The main computational complication is the expanded policy grid: searching over
(C,1,d) triples rather than (C,7) pairs. Gradient-based or Bayesian optimization methods
could reduce this cost if a finer grid is needed, but the problem dimensionality (three policy
instruments) is low enough for direct grid search.

The qualitative conclusions do not depend on the quantitative magnitudes.

F Empirical Evidence on AI Adoption

This appendix presents the tables and figures supporting the empirical motivation in Sec-
tion 7. All author-level results use the replication package of Kusumegi, Yang, Ginsparg,

de Vaan, et al. (2025b) for arXiv preprints from January 2022 through June 2024.

F.1 Adoption diffusion and output concentration

Figure A10 plots adoption and output shares over time.
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Figure A10: Cumulative adoption and output shares.
Notes: Panel (a) plots the cumulative fraction of authors who have adopted LLM assistance by each month,

counting authors as adopters from their first month with an LLM-detected paper. Panel (b) plots the fraction
of total arXiv output produced by authors who have already adopted. Adoption is near zero early in the
window and then rises steadily, while the output share climbs more quickly, indicating disproportionate

production by adopters.

F.2 Productivity effects around adoption

Figure A11 shows event-study estimates of monthly productivity around adoption. Table Al

reports two DiD specifications using:

yir = a + B1ATl adopter; + BPost; + B3(Al adopter; x Posty) + d; + €, (A69)

where the Greek letters denote standard regression coefficients (distinct from the structural
parameters of the same name in the theoretical model), y;; is monthly productivity for author

i in month ¢, and §; are month fixed effects in column (1).
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Figure A11: Event-study of productivity around adoption.

Notes: The figure plots estimated changes in monthly papers relative to the month before adoption, where
adoption is the first month with an LLM-detected paper. Vertical bars are 95% confidence intervals. The

vertical line at 0 marks the adoption month and the horizontal line at 0 denotes no change.
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Table Al: Productivity Around Adoption

(1) (2)
Intercept 0.1441*** 0.1387***
(0.001) (0.001)
AT adopters 0.0794*** 0.0830***
(0.001) (0.001)
Post 0.0525%** -0.0212%**
(0.001) (0.001)
AT adopters x Post 0.1844*** 0.1837***
(0.002) (0.002)
Month fixed effects Yes No
R? 0.030 0.026
Observations 3,298,950 3,298,950

Notes: The estimating equation is y;; = a+ 81 Al adopter, + S2Post;: + O3 (Al adopter; x Post;:) 40t +&;¢.
The dependent variable is monthly papers per author. AI adopter equals one for authors who have
adopted LLM assistance, post equals one for post-adoption months, and the interaction identifies the
DiD effect. Column (1) includes month fixed effects, column (2) does not. Standard errors are clustered

by author and reported in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

F.3 Heterogeneity by baseline productivity

Table A2 presents the DiD regression estimated separately for each of five baseline produc-

tivity bins.
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Table A2: Heterogeneity by Baseline Productivity

Bin 1 Bin 2 Bin 3 Bin 4 Bin 5
AT adopters -0.006*** 0.016%** 0.025*** 0.035*** 0.273***
(0.001) (0.001) (0.002) (0.002) (0.011)
Post 0.051*** -0.015*** -0.0417** -0.073*** -0.020
(0.001) (0.002) (0.003) (0.004) (0.013)
AT adopters x Post 0.122*** 0.152%** 0.180*** 0.204*** 0.413***
(0.001) (0.003) (0.004) (0.005) (0.014)
Month fixed effects Yes Yes Yes Yes Yes
R? 0.022 0.015 0.016 0.017 0.033
Observations 1,912,020 544,470 312,090 296,760 233,610
Authors 63,734 18,149 10,403 9,892 7,787
Al adopter authors 27,277 8,155 5,301 5,842 6,053

Notes: The estimating equation is y;; = a+ $1 Al adopter; + SaPost,+ + 83 (Al adopter; x Post;+) + ;. + €44,
estimated separately by baseline productivity bin, defined by average monthly productivity over months

—12 to —2 relative to adoption. The dependent variable is monthly papers per author. Month fixed effects

are included in all columns, and standard errors are clustered by author and reported in parentheses. *

p < 0.10, ** p < 0.05, *** p < 0.01.

F.4 Quality proxies and screening outcomes

Table A3 reports three linear probability models where publication status is the screening

proxy:

Published; = a + 1 LLM; + $>Complexity, + £3(LLM; x Complexity,) + &;, (A70)

where ¢ indexes papers, Published; is an indicator for publication, LLM; equals one for LLM-

assisted writing, Complexity, is the paper-level writing complexity measure, and ¢; is the
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error term.

Table A3: Quality Proxies and Screening Outcomes

(1) (2) (3)
Intercept 0.4731** 0.4845*** 0.4993***
(0.001) (0.002) (0.003)
LLM paper -0.0578*** -0.0628"** -0.1123*
(0.003) (0.003) (0.004)
Writing complexity 0.0005*** 0.0011*
(0.00008) (0.00009)
LLM X complexity -0.0031***
(0.0002)
R? 0.002 0.003 0.004
Observations 179,077 179,077 179,077

Notes: The dependent variable is an indicator for publication. LLM paper equals one for LLM-assisted
writing. Writing complexity is the paper-level complexity measure. Column (1) includes only LLM
status, column (2) adds complexity, and column (3) adds the interaction. Standard errors are het-

eroskedasticity robust (HC3) and reported in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Equilibrium Response to Fees (Fixed C = 100)

(a) Cutoff vs Fee (b) Submissions vs Fee
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Figure Al: Equilibrium outcomes versus submission fee 7.

Notes: The figure shows how equilibrium outcomes (the quality cutoff gy, average published quality gpub,
total submissions Ngybmit, and related quantities) vary with the submission fee 7 when capacity C' and Al
productivity v are held fixed at their baseline values. These curves illustrate the supply-side response of
the market to different fee levels and are used to verify that the equilibrium solver behaves as expected. All
parameters are set according to the baseline calibration in Section 8.
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Equilibrium Outcomes vs Capacity (Fixed T = 3.0)

(a) Quality Cutoff vs Capacity (b) Average Quality vs Capacity
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Figure A2: Equilibrium outcomes versus capacity C'.

Notes: The figure plots equilibrium quantities (cutoff, average quality, submissions, and related variables)
as functions of journal capacity C' when the submission fee 7 and AI productivity ~ are held fixed. It shows
how the equilibrium supply of accepted papers and their average quality respond to changes in capacity,
which is useful for understanding the planner’s trade-off between quantity and quality. Parameters are set
according to the baseline calibration.
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Equilibrium Response to Al Improvement (Fixed C = 100)

(a) Quality Cutoff (b) Submissions
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Figure A3: Equilibrium outcomes versus Al productivity ~.

Notes: The figure shows how equilibrium outcomes vary with Al productivity v when capacity C and the
submission fee 7 are held fixed. It illustrates how the same journal policy leads to different equilibrium
cutoffs, average quality, and submission volumes as 7 changes, which helps explain why the optimal policy
(C*,7*) must adjust with . Baseline calibration is used throughout.
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(a) Early Al (y = 0.5) (b) Moderate Al (y = 1.5) (c) Advanced Al (y = 5.0)
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Figure A4: Welfare surface over capacity and fee.

Notes: The figure plots social welfare SW(C, 7) as a surface over capacity C' and the submission fee 7 for a
fixed value of AI productivity . The welfare-maximizing policy (C*,7*) corresponds to the maximum of
this surface. The shape of the surface illustrates the trade-offs the planner faces when varying capacity and
fees. Baseline calibration is used.
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Figure A5: Branch structure in the equilibrium locus.

Notes: The figure displays the branch structure of the equilibrium locus in the (geut, Goun) plane as key
parameters (such as capacity or the fee) vary. It is used to check that the equilibrium is well defined and
that the solver selects the correct branch when multiple branches exist. All diagnostics use the baseline
calibration.
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Equilibrium Locus (y=1.0, C=100, t=4.0)
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Figure A6: Equilibrium locus and branches.

Notes: The figure shows the equilibrium locus in the (geus, Gpub) plane (or a related projection), including
the different branches that can arise as parameters change. It supports the analysis of equilibrium
uniqueness and stability in Appendix D. Baseline calibration is used.
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Equilibrium Multiplicity (y=1.0)
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Figure A7: Region with multiple equilibria (if any).

Notes: The figure indicates the region in parameter space where the equilibrium system can admit multiple
solutions. Under the baseline calibration used in the main text, the solver converges to a unique
equilibrium at all grid points; we include this diagnostic for completeness and for robustness checks under
alternative parameter values.
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Supply Curves for Fixed qpup (y=1.0, 7=4.0)
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Figure A8: Supply curves across v or policy parameters.

Notes: The figure plots supply curves (total accepted papers or total quality supplied) as functions of the
equilibrium cutoff or related variables, for different values of v or policy parameters. These curves illustrate
how the supply side of the market responds across the AI productivity range and help verify that the
numerical equilibrium is consistent with the model structure. Baseline calibration is used.
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Cutoff vs Fee Submissions vs Fee
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Figure A9: Continuity along a parameter sweep.

Notes: The figure shows how equilibrium quantities (cutoff, average quality, or related variables) evolve
along a continuous sweep in capacity C or the submission fee 7. Continuity of these curves is used to verify
that the equilibrium solver is stable and that the solution does not jump discontinuously across the grid.

All runs use the baseline calibration.
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