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Abstract

Frontier knowledge in science, software, and entrepreneurship is documented predominantly in English.
Able individuals whose strongest language is different face higher costs of accessing that knowledge,
so latent talent in many language communities remains unused. This paper develops a theory of how
multilingual artificial intelligence changes the identification, development, and allocation of talent by
lowering language-dependent access costs. Individuals with heterogeneous ability choose between a
local occupation and a frontier occupation whose returns depend on access to knowledge concentrated
in a dominant language. Language distance creates community-specific ability thresholds for entry into
frontier work, so equally able individuals sort differently across communities. Improvements in machine
translation and multilingual model quality lower these thresholds. The core model yields four results.
Participation in frontier fields rises with multilingual AI quality. The response is unambiguously larger
in communities with greater language distance and in fields with greater dependence on the dominant
language. Aggregate frontier output rises while average output per participant can fall, because entrants
are drawn from the margin, so comparisons of averages understate the gains. As multilingual AI quality
approaches its frontier, entry thresholds equalize across communities and the allocation converges to a
language-blind benchmark in which ability alone determines selection. Three extensions study talent
identification under noisy signals, the substitution between multilingual AI and skilled migration, and
dynamic amplification through human capital investment. A final section shows that developers set
language coverage to maximize product revenue rather than the social value of newly accessible talent, so
equilibrium coverage is below the social optimum, which supports treating language coverage as talent
infrastructure.

JEL codes: J24, O33, and F22.
Keywords: allocation of talent; language barriers; multilingual artificial intelligence.

1 Introduction

Research on talent has concentrated on ability, schooling, and local labor market conditions as the determinants
of who reaches high achievement. This paper studies a further determinant: the language distance between a
high-potential individual and the knowledge, mentors, and markets required to convert ability into output.
Reference material, technical documentation, and elite professional networks in most frontier fields are
concentrated in English. For an able person whose strongest language is different, this concentration acts as a
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tax on every step of talent development, from searching for technical answers to publishing work to entering
global labor markets.

Recent progress in machine translation and multilingual large language models changes the size of
this tax. Unlike schooling reforms or migration policy, the technology operates across many countries
and career stages at low marginal cost. Its effect on the supply of talent is therefore a first-order question
for the economics of talent, yet there is no formal framework that connects language technology to talent
identification, development, and allocation. This paper provides such a framework.

The contribution is theoretical. I build a tractable occupational choice model in the Roy (1951) tradition
in which language distance drives a wedge between latent ability and realized achievement. The wedge has a
specific structure: it scales with the distance between an individual’s strongest language and the dominant
language of a field, with the degree to which the field’s knowledge is concentrated in that dominant language,
and inversely with the quality of multilingual AI. Comparative statics on AI quality then describe how the
technology changes who participates in frontier work, who is identified as talented, who migrates, and how
much of the world’s latent ability is converted into output.

The core model produces four results. First, participation in frontier fields rises as multilingual AI
improves, because the ability threshold for profitable entry falls. Second, the response is unambiguously
larger in communities with greater language distance and in fields with greater dominant-language dependence,
so the technology compresses cross-community participation gaps from below. Third, aggregate frontier
output rises through an intensive margin and an extensive margin at once, while the average ability of
participants falls, because entrants come from the margin. Evaluations that compare average productivity
before and after an improvement will therefore understate the aggregate gain, and can even reverse its
sign. Fourth, as AI quality approaches its frontier, entry thresholds equalize across language communities
and the allocation converges to a language-blind benchmark in which selection depends on ability alone.
Residual participation gaps at high AI quality then identify non-language barriers, so the model provides a
decomposition of observed gaps into a language wedge and a residual wedge.

Three extensions widen the framework toward the central themes of the economics of talent. The first
concerns identification. Gatekeepers such as admissions committees, referees, and employers observe ability
through signals whose noise increases with language distance: an able applicant writing in a weaker language
produces a less informative record. In a standard normal learning environment, this noise causes systematic
under-identification of high-ability individuals from distant language communities. Multilingual AI raises
signal precision, which raises the probability that a given able individual is identified. The mechanism
formalizes one source of lost talent and predicts that AI reduces it. The second extension concerns migration.
Before high-quality multilingual AI, the main private remedy for language distance was to migrate into the
dominant-language environment. The model shows that AI and migration are substitutes: as AI quality rises,
the ability cutoff above which migration is chosen also rises, so a growing share of frontier participants
contribute from their home community. The composition of skilled migration then shifts toward the extreme
top of the ability distribution, while sending communities retain more of their talent. The third extension adds
a human capital investment stage. Because access costs also govern the cost of acquiring advanced skills,
improvements in AI raise investment, so the long-run participation response exceeds the static response.
Static evaluations understate the technology’s effect on talent supply.

The final part of the paper asks whether markets will provide the right amount of language coverage.
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Developers choose coverage to maximize product revenue, which reflects the current usage and purchasing
power of each language community. The social value of coverage additionally includes the output of
newly participating talent and the nonrival knowledge that talent produces, neither of which the developer
appropriates. The communities where Proposition 2 locates the largest talent gains, those with high language
distance and low current income, are the communities that private incentives serve last. Equilibrium coverage
is therefore below the social optimum, with the largest gap where the social return is highest. The policy
implication is that language coverage, translation quality for technical text, and multilingual evaluation
benchmarks should be treated as talent infrastructure, comparable to scholarship systems or research capacity
programs.

The paper proceeds as follows. Section 2 relates the framework to existing work. Section 3 presents the
environment and Section 4 characterizes equilibrium participation. Section 5 contains the comparative statics
on multilingual AI. Sections 6 through 8 develop the extensions on identification, migration, and dynamics.
Section 9 studies the provision of language coverage. Section 10 states testable implications, Section 11
discusses policy, and Section 12 concludes. Proofs are collected in the Appendix.

2 Related Literature

The paper builds on four literatures. The first is the economics of the allocation of talent. Murphy et al. (1991)
study how the sectoral allocation of the most able individuals affects growth, and Hsieh et al. (2019) show
that declining barriers facing women and Black Americans account for a substantial share of United States
growth since 1960. Bell et al. (2019) document that exposure to innovation strongly predicts who becomes an
inventor, so equally able children face very different probabilities of reaching the innovation frontier. Agarwal
and Gaule (2020) show that International Mathematical Olympiad medalists from poorer countries produce
far less subsequent mathematics than equally ranked medalists from richer countries, direct evidence that
latent talent at the very top goes unused. This paper contributes a barrier that has not been formalized in this
literature: language distance to the dominant language of a field, together with a technology that compresses
it. The misallocation perspective follows Restuccia and Rogerson (2017), applied to people rather than firms.

The second literature is the economics of language. Ginsburgh and Weber (2020) survey the field.
Chiswick and Miller (2015) document large returns to dominant-language proficiency among migrants. In
international trade, a common language raises bilateral trade substantially (Egger and Lassmann 2012; Melitz
and Toubal 2014), and Brynjolfsson et al. (2019) show that the introduction of machine translation on a
large digital platform raised exports along treated language pairs, causal evidence that AI-mediated language
access changes economic behavior. This paper transfers that logic from goods to talent: the relevant flow is
not merchandise, it is the participation of able individuals in frontier knowledge work.

The third literature concerns high-skilled migration. Borjas (1987) analyzes selection into migration, Kerr
et al. (2016) survey global talent flows, and Docquier and Rapoport (2012) assess brain drain and development.
The migration extension of this paper adds a technological substitute for migration and characterizes how it
changes both the volume and the selection of talent flows.

The fourth literature is the economics of artificial intelligence (Agrawal et al. 2019). Recent evidence
shows that generative AI raises productivity most for less experienced or lower-performing workers (Noy and
Zhang 2023; Brynjolfsson et al. 2025). The present framework predicts an analogous pattern across language
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communities: the largest gains accrue to those farthest from the dominant language. It also connects AI to
the burden-of-knowledge problem identified by Jones (2009): if reaching the frontier requires absorbing
ever more material, then technologies that lower the cost of absorbing material in any language expand who
can reach it. Hjort and Poulsen (2019) show that the arrival of fast internet raised skilled employment in
Africa; multilingual AI is a complementary access technology operating on the language margin rather than
the connectivity margin.

3 Environment

There is a continuum of individuals partitioned into language communities indexed by ℓ. An individual is
characterized by latent ability a ≥ 0 with continuous distribution F and density f .

Assumption 1. Latent ability is distributed identically across language communities.

Assumption 1 isolates the allocation question: any difference in frontier participation across communities
in this model reflects barriers rather than differences in talent. The assumption is deliberately strong. It
corresponds to the working hypothesis behind the evidence in Agarwal and Gaule (2020), namely that raw
ability at the top of the distribution appears in every country, while its conversion into output does not.

Each community has a language distance dℓ ≥ 0 to the dominant language of frontier knowledge, with
dℓ = 0 for the dominant-language community. Frontier occupations are grouped into fields indexed by f ,
and each field has a dependence parameter E f ∈ (0,1] measuring how concentrated its knowledge, tools,
and networks are in the dominant language. Mathematics, with a compact symbolic core, has lower E f than
experimental biomedicine or entrepreneurship, where tacit knowledge and professional networks matter
more. Multilingual AI quality is a scalar T ∈ [0,1), where higher T means better translation, retrieval, and
multilingual assistance. The effective access cost of a member of community ℓ entering field f is

cℓ f (T ) = E f dℓ (1−T ).

Access costs rise with language distance and field dependence, and fall as multilingual AI improves. When
T → 1, access costs vanish for every community.

An individual chooses between a local occupation paying wa, with w > 0, and a frontier occupation in
field f . Frontier output is complementary between ability and access to knowledge: gross frontier earnings
are π ae−cℓ f (T ) with π > w, net of a fixed entry cost k > 0 covering learning, credentialing, and integration
into the field. An individual therefore enters the frontier occupation if and only if

π ae−cℓ f (T )− k ≥ wa.

The multiplicative form embodies the central complementarity: access to frontier knowledge is more valuable
for more able individuals, so barriers to access distort the allocation of the most able most severely. Earnings
here should be read broadly as the private return to frontier work, including career and status returns, while
the fixed cost should be read as the lump of investment required before any frontier output can be produced.
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4 Equilibrium Participation and the Language Wedge

Define the net return factor ∆(c) = πe−c −w. If ∆(cℓ f )≤ 0, no member of community ℓ enters field f : the
language barrier is so large that the frontier occupation is dominated at every ability level. If ∆(cℓ f ) > 0,
entry follows a cutoff rule. The marginal entrant has ability

a∗ℓ f (T ) =
k

∆
(
cℓ f (T )

) =
k

πe−E f dℓ(1−T )−w
,

and the participation rate of community ℓ in field f is 1−F
(
a∗ℓ f (T )

)
.

Two properties of the cutoff organize the analysis. First, a∗ℓ f is increasing in the composite barrier
bℓ f ≡ E f dℓ: communities farther from the dominant language, and fields more dependent on it, require higher
ability for entry. Second, in the dominant-language community the cutoff is ā∗ = k/(π −w) regardless of
T . The interval [ā∗, a∗ℓ f (T )) therefore contains individuals who would enter frontier work if born into the
dominant-language community but do not enter from community ℓ. Their mass,

Mℓ f (T ) = F
(
a∗ℓ f (T )

)
−F(ā∗),

measures misallocated talent attributable to language alone. The object Mℓ f is the model’s counterpart of
the lost inventors in Bell et al. (2019) and the unused Olympiad talent in Agarwal and Gaule (2020), with a
language interpretation.

5 Multilingual AI and the Allocation of Talent

Proposition 1 (Participation). Wherever entry is viable, the cutoff a∗ℓ f (T ) is strictly decreasing in T , and the
participation rate 1−F(a∗ℓ f (T )) is strictly increasing in T .

Proposition 2 (Heterogeneous gains). Conditional on viability, the magnitude of the participation response,∣∣∣∂a∗ℓ f /∂T
∣∣∣, is strictly increasing in the composite barrier bℓ f = E f dℓ. The largest gains from multilingual

AI accrue to communities with greater language distance and to fields with greater dominant-language
dependence.

Proposition 3 (Extensive margin at the viability boundary). For a community-field pair with ∆(cℓ f (T ))≤ 0,
participation is zero. There exists a threshold quality T †

ℓ f = 1− ln(π/w)/(E f dℓ) such that participation
becomes positive for all T > T †

ℓ f . The threshold is increasing in the composite barrier, so the most excluded
communities are activated last, and each activation is a discrete event in which participation jumps from zero
to a positive mass.

Propositions 1 through 3 jointly describe the incidence of the technology. Communities close to the
dominant language gain little because they had little to gain. Communities at intermediate distance gain along
a smooth intensive margin of falling cutoffs. Communities beyond the viability boundary gain nothing until
quality crosses their activation threshold, at which point they gain discretely. Cross-community participation
gaps therefore close from below, and the time path of closing is convex in language distance.
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Proposition 4 (Composition). Aggregate frontier output of community ℓ in field f ,

Qℓ f (T ) =
∫

∞

a∗ℓ f (T )
π ae−cℓ f (T ) dF(a),

is strictly increasing in T , through an intensive-margin channel (incumbent participants become more
productive as access costs fall) and an extensive-margin channel (new entrants join). Average ability among
participants, E

[
a | a ≥ a∗ℓ f (T )

]
, is strictly decreasing in T .

Proposition 4 has a measurement implication. Because entrants are drawn from the margin, average
output per participant can fall while total output rises. Evaluations of multilingual AI that compare the
average productivity of participants before and after an improvement will understate, and can even reverse the
sign of, the aggregate talent gain. The correct object is the total output of the community, including the output
of those who would otherwise not have participated at all. The same logic applies to selective institutions: a
program admitting from a newly activated language community should expect its marginal admits to look
weaker on average even when the program’s total contribution to output has risen.

Proposition 5 (Convergence to the language-blind benchmark). As T → 1, cℓ f (T )→ 0 for every community
and field, cutoffs converge to ā∗ = k/(π −w), misallocated mass Mℓ f (T )→ 0, and the allocation of talent
converges to a benchmark in which selection into frontier work depends on ability alone.

The benchmark clarifies what multilingual AI can and cannot do. It equalizes the language component
of access costs, so residual cross-community differences in participation at high T identify non-language
barriers such as capital constraints, discrimination, or weak local institutions. The model thus provides a
decomposition: observed participation gaps combine a language wedge, which the technology closes, with
other wedges, which it does not. This decomposition matters for interpretation. If participation gaps persist
after language costs have been compressed, the remaining gaps should not be attributed to language, and
policy attention should turn to the residual barriers.

6 Talent Identification under Noisy Signals

The core model treats ability as privately known and entry as an individual choice. Much of the identification
of talent, however, is performed by gatekeepers: admissions committees, scholarship panels, journal referees,
and employers. This section shows that language distance degrades the signals on which gatekeepers rely,
and that multilingual AI improves identification by raising signal precision.

Ability is drawn from a normal prior, a ∼ N(µ,τ2). A gatekeeper observes the signal

s = a+σℓ f (T )ε, ε ∼ N(0,1), σℓ f (T ) = σ0 +η E f dℓ (1−T ),

with σ0 > 0 and η > 0. The specification states that an application, manuscript, or interview produced across
a language barrier is a noisier measure of underlying ability, and that multilingual AI reduces the added noise.
The gatekeeper admits the candidate when the posterior mean of ability exceeds a standard q̄ > µ , which is
equivalent to admitting when s exceeds a cutoff s∗(σ) = µ +(q̄−µ)(τ2 +σ2)/τ2, increasing in σ .
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Proposition 6 (Identification). Fix an ability level a > µ +(q̄− µ)(τ2 −σ2)/τ2. The probability that an
individual of ability a is admitted, Φ

(
(a− s∗(σ))/σ

)
, is strictly decreasing in σ and therefore strictly

increasing in T . High-ability individuals from distant language communities are systematically under-
identified, and improvements in multilingual AI reduce the under-identification.

The mechanism operates through Bayesian shrinkage. Noisier signals are shrunk more heavily toward the
prior mean, so an outstanding candidate whose record is filtered through a language barrier looks merely good,
while the admission standard applied to the noisy signal rises. Both forces work against able candidates from
distant communities. The proposition implies that multilingual AI functions as an identification technology,
not only as a production technology: it changes who is seen, in addition to changing what those who enter can
produce. It also implies a bias in retrospective evaluations of talent-search programs. Programs that screened
across language barriers before high-quality multilingual AI will have rejected a disproportionate share of
their strongest distant-language applicants, so their historical admit data understate the ability available in
those communities.

7 Migration and Remote Participation

Before high-quality multilingual AI, the main private remedy for language distance was migration into the
dominant-language environment. This section adds that option and characterizes the substitution between the
two technologies of access. An individual in community ℓ now has three options: the local occupation paying
wa; frontier work from home paying πae−cℓ f (T )− k; or migration at cost m > 0, which removes the language
penalty and pays πa− k−m. The gain from migrating relative to frontier work from home, πa(1− e−c)−m,
is increasing in ability, so migration is chosen by the ablest.

Proposition 7 (Substitution between AI and migration). Among frontier participants, migration is chosen by
individuals with ability above

aM
ℓ f (T ) =

m
π
(
1− e−cℓ f (T )

) ,
which is strictly increasing in T . As multilingual AI improves, the migration cutoff rises, the share of frontier
participants who migrate falls, and migrants are drawn from an increasingly extreme upper tail of the ability
distribution.

Together with Proposition 1, this yields a distinctive joint prediction: total frontier participation from a
distant language community rises with AI quality while the migrant share of that participation falls. Sending
communities retain more of their talent, in the sense of Docquier and Rapoport (2012), without losing frontier
output, because retained individuals now contribute remotely. The selection result also revises the classic
analysis of Borjas (1987): the degree of positive selection into skilled migration is not a fixed feature of
sending countries, it is decreasing in the quality of the technologies that substitute for physical relocation.
For destination-country institutions that recruit talent, the model predicts a compositional shift in applicant
pools toward the extreme top, alongside growth of remote collaboration with non-migrants.
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8 Dynamic Amplification through Human Capital Investment

Access costs govern more than the return to participating today. They also govern the cost of building the
skills that determine tomorrow’s ability to participate, because textbooks, courses, and mentorship in frontier
fields are concentrated in the dominant language. This section adds an investment stage and shows that it
amplifies the static effects.

Life has two periods. In period 1, an individual may invest in advanced human capital at cost χ ecℓ f (T ), with
χ > 0: the same language barrier that taxes participation taxes preparation, at an exponential rate consistent
with the production side. Investment raises period-2 frontier productivity from πae−c to (1+ γ)πae−c, with
γ > 0, and does not affect the local wage. Individuals decide on investment in period 1 and on occupation in
period 2.

Corollary 1 (Amplification). Among period-2 frontier participants, investment is chosen by individuals
with ability above aI

ℓ f (T ) = χec/(γπe−c) = χe2cℓ f (T )/(γπ), which is strictly decreasing in T at twice the
exponential rate of the production cost. An improvement in multilingual AI therefore raises frontier output
through three channels at once: incumbent productivity, new entry, and increased skill investment among
both groups. The long-run response of output to T strictly exceeds the static response of Proposition 4.

The doubling of the exponent is not an artifact: the investing individual crosses the language barrier twice,
once to acquire the skill and once to apply it. The corollary implies that short-run evaluations of multilingual
AI understate its effect on talent supply, since the investment channel takes a schooling cycle or a training
cycle to appear in output. It also identifies where educational complements matter most: in communities near
the investment margin, pairing language technology with instruction converts the technology’s cost reduction
into human capital rather than only into current output.

9 Endogenous Language Coverage and Underprovision

The analysis so far treats T as common across languages. In practice, developers choose how much quality to
provide per language, and quality differs widely across languages. This section asks whether private provision
delivers the socially efficient pattern of coverage.

Let a developer choose community-specific quality Tℓ ∈ [0,1) at convex cost κ(Tℓ), with κ ′ > 0 and
κ ′′ > 0. Private revenue from community ℓ is Rℓ(Tℓ) = ρ yℓ uℓ Tℓ: proportional to the community’s current
income per user yℓ, its current user base uℓ, and delivered quality. The social value of quality adds the
talent output created by coverage, Vℓ(Tℓ) = Rℓ(Tℓ)+∑ f λ f Qℓ f (Tℓ), where λ f > 0 converts frontier output
into social value and includes the nonrival component of knowledge production that no participant, and no
developer, appropriates.

Proposition 8 (Underprovision). The developer’s optimum satisfies κ ′(T m
ℓ ) = ρ yℓ uℓ, while the planner’s

optimum satisfies κ ′(T p
ℓ ) = ρ yℓ uℓ+∑ f λ f ∂Qℓ f /∂T . Since ∂Qℓ f /∂T > 0 wherever participation is positive

or attainable, T m
ℓ < T p

ℓ for every such community. The gap T p
ℓ −T m

ℓ is largest where the talent term is large
relative to the revenue term: communities with high language distance, low current income, and substantial
latent-ability mass near the entry margin.
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The proposition inverts a common intuition about market prioritization. Revenue-maximizing coverage
follows current purchasing power, which is lowest in the communities where, by Propositions 2 and 3, the
marginal social product of coverage is highest. Language coverage for technical and scientific text is therefore
an underprovided input into the global production of talent, in the same sense in which basic research
is underprovided. The natural remedies are the standard ones for public-good underprovision: public or
philanthropic funding of open multilingual models and benchmarks for underserved languages, procurement
of technical-domain translation quality, and support for the evaluation infrastructure that makes quality in a
given language measurable at all. The framework supplies the targeting rule: fund the languages with the
largest product of distance, latent-talent mass at the margin, and field dependence, which is where private
incentives are weakest and social returns are strongest.

10 Testable Implications

The theory yields predictions that distinguish it from alternatives and structure future empirical work. First,
improvements in multilingual AI quality for a given language should raise frontier participation from that
language community, with larger responses where baseline distance to the dominant language is greater
(Propositions 1 and 2), and with discrete activations of previously absent communities (Proposition 3).
Second, within a community, responses should be larger in fields with greater dominant-language dependence
than in fields whose knowledge is already available locally, a difference-in-differences structure across
fields within languages. Third, entrant cohorts following large quality improvements should have lower
average observable ability proxies than incumbent cohorts while total community output rises (Proposition 4).
Fourth, acceptance rates of high-ability candidates from distant language communities at selective institutions
should rise with multilingual AI quality, conditional on underlying ability proxies determined before the
improvement (Proposition 6). Fifth, the migrant share of a community’s frontier participants should fall as its
language coverage improves, while the average selectivity of those who still migrate rises (Proposition 7). The
author’s ongoing measurement project on the economics of multilingual AI, which constructs language-level
indices of AI quality and inclusion, is designed to take these predictions to data in subsequent work.

11 Policy Implications

Three implications follow for institutions concerned with talent. For talent-search and scholarship programs,
Proposition 6 implies that historical screening across language barriers rejected a disproportionate share of the
strongest distant-language applicants; re-weighting outreach toward recently activated language communities
is the corrective with the highest expected yield. For science and innovation policy, Proposition 8 implies that
multilingual coverage of technical text is talent infrastructure whose private provision is weakest where its
social return is highest, so public and philanthropic funders should treat language coverage, domain-specific
translation quality, and multilingual evaluation benchmarks as fundable research inputs. For the interpretation
of cross-country statistics, Propositions 4 and 5 counsel against reading average-productivity comparisons
or persistent participation gaps at face value: the first understates gains from access technologies, while the
second conflates language wedges with residual barriers that require different instruments.
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12 Conclusion

Talent is misallocated when equally able people face unequal access to the knowledge that converts ability
into achievement. Language is one of the oldest such barriers and, with current AI systems, one of the most
compressible. The framework developed here shows that the resulting gains are largest precisely where they
are least visible in average productivity statistics; that the technology improves the identification of talent, not
only its productivity; that it substitutes for migration while raising the selectivity of those who still migrate;
that its long-run effects exceed its short-run effects through the human capital channel; and that private
provision of language coverage will not deliver these gains on its own. For a research program concerned
with barriers that prevent high-potential individuals from realizing their potential, language distance deserves
a place alongside credit constraints, information frictions, and discrimination.
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A Proofs

Proof of Proposition 1. ∂cℓ f /∂T = −E f dℓ < 0 for dℓ > 0, and a∗ = k/∆(c) with ∆′(c) = −πe−c < 0, so
∂a∗/∂T =−kπe−cE f dℓ/∆(c)2 < 0. Participation 1−F(a∗) is then strictly increasing in T since F is strictly
increasing. □

Proof of Proposition 2. Write |∂a∗/∂T |= kπ be−c/∆(c)2 with c = b(1−T ) and b = E f dℓ. Differentiating
in b gives a first term kπe−c/∆2 > 0 and a second term proportional to

d
dc

[
e−c

∆(c)2

]
=

−e−c∆2 +2e−c ∆πe−c

∆4 =
e−c

(
2πe−c −∆

)
∆3 =

e−c
(
πe−c +w

)
∆3 ,

which is strictly positive whenever ∆ > 0. Both terms are positive, so the response is strictly increasing in b.
□

Proof of Proposition 3. ∆(c) > 0 if and only if c < ln(π/w), that is, E f dℓ(1−T ) < ln(π/w), equivalent
to T > T †

ℓ f = 1− ln(π/w)/(E f dℓ) when E f dℓ > ln(π/w). The threshold is increasing in E f dℓ. At T = T †
ℓ f ,

a∗ → ∞ and participation is zero; for T > T †
ℓ f , a∗ is finite, so participation is positive whenever F places mass

above a∗. □

Proof of Proposition 4. Differentiating Qℓ f (T ),

∂Qℓ f

∂T
= E f dℓ

∫
∞

a∗
πae−c dF(a)︸ ︷︷ ︸

intensive margin>0

+
(
−∂a∗/∂T

)
πa∗e−c f (a∗)︸ ︷︷ ︸

extensive margin>0

> 0.
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Average ability among participants is E[a | a ≥ a∗], strictly increasing in a∗ for any continuous F with positive
density at a∗; since a∗ is strictly decreasing in T , the average is strictly decreasing in T . □

Proof of Proposition 5. Immediate from cℓ f (T ) = E f dℓ(1−T )→ 0 as T → 1, so a∗ℓ f → k/(π −w) = ā∗

and Mℓ f → 0. □

Proof of Proposition 6. With normal prior and normal noise, the posterior mean is µ + τ2

τ2+σ2 (s− µ),

so admission occurs when s ≥ s∗(σ) = µ +(q̄− µ) τ2+σ2

τ2 . Conditional on ability a, s ∼ N(a,σ2), so the
admission probability is P(a,σ) = Φ

(
(a− s∗(σ))/σ

)
. Differentiating the argument in σ ,

d
dσ

[
a− s∗(σ)

σ

]
=

− 2σ(q̄−µ)
τ2 σ −

(
a− s∗(σ)

)
σ2 = − 1

σ2

[
a−µ − (q̄−µ)

τ2 −σ2

τ2

]
,

which is strictly negative for all a > µ +(q̄−µ)(τ2 −σ2)/τ2. For such a, P(a,σ) is strictly decreasing in σ ;
since σℓ f (T ) is strictly decreasing in T , P is strictly increasing in T . □

Proof of Proposition 7. The migration gain relative to home frontier work is G(a) = πa(1−e−c)−m, strictly
increasing in a, zero at aM =m/[π(1−e−c)]. Since c is strictly decreasing in T , 1−e−c is strictly decreasing in
T , so aM is strictly increasing in T . The migrant share among participants, [1−F(max{aM,a∗})]/[1−F(a∗)],
then falls as aM rises and a∗ falls. □

Proof of Corollary 1 and Proposition 8. A period-2 frontier participant invests when γπae−c ≥ χec,
giving aI = χe2c/(γπ), strictly decreasing in T . Output then gains an investment term in addition to the two
margins of Proposition 4, so the total derivative in T strictly exceeds the static derivative. For Proposition
8, the first-order conditions are as stated in the text; ∂Qℓ f /∂T > 0 from Proposition 4 (or the activation of
Proposition 3), so κ ′(T p

ℓ )> κ ′(T m
ℓ ), and convexity of κ gives T p

ℓ > T m
ℓ . The comparative statics of the gap

follow from the monotonicity of ∂Qℓ f /∂T in the composite barrier (Proposition 2) and from the revenue
term’s proportionality to current income and usage. □
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